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Introduction
The past decade has witnessed an explosion in the variety 
and sophistication of data sources, sensors, and platforms 
employed in archaeological remote sensing (ARS). The 
proliferation of UAVs, regional and research-driven lidar 
surveys, the uptake of hyperspectral imaging, the launch 
of high-temporal revisit satellites, the advent of multi-
sensor rigs for geophysical survey, and the explosion 
of use of structure from motion (SfM) mean that more 
archaeologists are engaging with remote sensing than 
ever. Improvements in data quality and coverage make the 
techniques broadly available and applicable. At the same 
time, increased availability of low-cost and open software, 
creative implementation of non-metric sensors, and 
public and free data sources have made remote sensing 
and its applications to archaeology more accessible 
to non-specialists. Growing awareness of remote 
sensing methods and their applications has created an 
environment in which new technologies are applied to a 
relatively broad set of projects early in their development, 
with many researchers experimenting in parallel.
This positive momentum is reflected in both university 
level teaching and the literature. The broad definition 
and basic applications of archaeological remote sensing, 
including the use of aerial photographs, satellite 
imagery, geophysical prospection, and topographic 
data to investigate past landscapes, are now introduced 
at a basic level at universities in the Anglophone world 
and beyond, albeit with uneven depth of coverage and 
frequency (Aitchison 2017; Cowley & Palmer 2009; CIfA 
2014; but see the absence of ARS in the 2015 special issue 
of The Historic Environment: Policy & Practice on Training 
and Teaching in the Historic Environment). The breadth 
of interest in remote sensing in archaeology is reflected 
in recent volumes including Comer and Harrower’s 
(2013) Mapping Archaeological Landscapes from Space 
or Kamermans, Gojda and Posluschny (2014) A sense of 
the past: studies in current archaeological applications 
of remote sensing and non-invasive prospection methods, 
McKinnon and Haley’s (2017) Archaeological Remote 
Sensing in North America, and in metric surveys of trends 
in archaeological literature e.g. by Agapiou and Lysandrou 
(2015) who show the increase in citations and the variety 
of venues in which they appear. 
While the discipline has gained momentum and 
technological advances continue to drive research in the 
specialist community, providing reasons for optimism 
that we will see increasingly sophisticated research and 
heritage management applications forthcoming, many 
long-standing problems remain unresolved. Central 
are the need to broaden access to task-appropriate 
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high-quality data to reach regions and sub-disciplines 
where remote sensing is underutilized, the need to 
cultivate the necessary theoretical and methodological 
expertise to engage with increasingly complex data 
and tools, and the development of frameworks to 
contextualize remote sensing applications within the 
process of archaeological interpretation. Why, we may ask, 
are these problems so persistent if they are readily named 
and widely recognized? In this article we suggest that 
while technological obstacles have been progressively 
overcome, these challenges stem predominantly from 
the discipline’s intellectual history and orientation. 
In this light, this article aims to contextualize these 
problems, drawing on reviews on various specialist 
topics (e.g. Colomina & Molina 2014, Comer & Harrower 
2013, Thompson et al. 2011, Verhoeven & Sevara 2016, 
Verhoeven 2017), reports on individual fieldwork projects, 
and on analytical projects across three broad segments of 
landscape archaeology: data collection in the field, the 
current state of data access and archives, and processing 
and interpretation. In bringing these threads together, we 
endeavour to encourage reflection on the broad impacts 
of recent rapid technological progress on the trajectory 
and roles of remote sensing in archaeological practice.
Data Collection in the Field
While the roster of remote sensing techniques used in 
archaeology has largely remained static, the mechanics 
of data collection have improved significantly thanks to 
technological advances over the past decade. Applications 
using data collected from UAVs, large area geophysical 
survey rigs, and high temporal revisit satellites all 
represent a reworking of the platforms and equipment 
behind existing techniques already used in archaeology. In 
each case, marked improvements in spatial and temporal 
resolution, together with a decrease in cost, have led to a 
step change and a significant broadening of the application 
of these technologies. Lidar and SfM in particular, while 
based on extant technology, were so transformed as to 
appear on the scene as ‘new technologies’. Lidar has been 
available since the 1960s (McCormick 2005) and SfM has 
roots in photogrammetry (Carrivick, Smith & Quincey 
2016), but technological developments in the early 2000s 
allowed the collection of dense topographic data at a level 
of detail previously impractical and, in the case of airborne 
lidar, allowing the efficient collection of high resolution 
topographic data in wooded areas, as well as in open fields 
(Shell & Roughley 2004, Doneus & Briese 2006). 
These progressive improvements in spatial resolution 
and coverage, and the renewed enthusiasm for each 
technology as the data it provided became more granular 
for larger areas, highlight the community’s preoccupation 
with detail and feature detection. In the fieldwork culture 
of archaeological remote sensing, higher resolution, 
larger areas, and faster data collection are prized. While 
an improved ability to detect small features of interest 
is clearly important for many applications, the strong 
emphasis placed on working with high spatial resolution 
data may lead to the neglect of the potential for lower 
resolution data to continue to shed important light 
on land use patterns, activity areas, and geological and 
morphological contexts affecting preservation (see 
Herrmann 2012 and Howey et al. 2014 for examples of 
the use of moderate resolution satellite data in the age of 
high resolution). Further, improved spatial resolution and 
coverage, the canonical ‘more data’, may be promoted as a 
solution to interpretive difficulties or end in itself. Below, 
we explore the implications of the transformation of the 
key platforms for aerial and terrestrial remote sensing, 
considering the impact of the emphasis placed on spatial 
resolution and extensive collection.
UAVs
The emergence of UAVs as a platform for archaeological 
prospection is probably the most visible trend in 
archaeological remote sensing in recent years (e.g. Campana 
2017a; Lasaponara & Masini 2016, Mozas-Calvache et 
al. 2012; Sonnemann, Malatesta & Hofman 2016). The 
popularity of the platform not only in archaeology, but 
across industries including construction, agriculture, 
security, and survey (Nex & Remondino 2014; Valavanis 
& Vachtsevanos 2015), incited the miniaturisation of 
a variety of sensors and platforms (Casana et al. 2017; 
Ludeno et al. 2017; McDaniel et al. 2017; Suomalainen et 
al. 2014; Yarlequé, Alvarez & Martínez 2017). These include 
thermal, hyperspectral and lidar instruments, as well as a 
variety of multispectral sensors, conventional still cameras 
and video cameras, and the development of relatively user 
friendly, if black-box, tools for the analysis of the data 
captured. These broad industry investments, coupled with 
an active amateur UAV user community, have benefitted 
archaeology in promoting the availability of relatively 
low-cost instruments, as well as an active ‘UAV survey as a 
service’ market that allows for rental or contracting surveys 
rather than ownership. In the archaeological context, the 
greatest effect of this technological watershed has been 
a democratisation of the collection of small-area remote 
sensing datasets, a topic taken up in more detail later in 
this article. The attraction of UAVs for the archaeological 
community has been twofold: they provide a degree 
of independence as fully licensed pilots and aircraft are 
not required, and they can be used to collect very high 
spatial resolution data. UAV data is typically captured at 
the trench, site, or site and hinterland scale to support 
the detailed mapping of remains either on the surface 
or with some surface expression e.g. sub-surface remains 
affecting spectral response, or resulting in topographic 
features. A review of the major journals shows dozens 
of articles promoting the results of UAV-based surveys 
(e.g. Fernández-Hernandez, González-Aguilera & 
Rodríguez-Gonzálvez 2014; Khan, Aragão & Iriarte 2017; 
Smith et al. 2014), and many other projects are clearly 
using UAVs to carry out basic tasks such as capturing aerial 
views of trenches or creating local topographic models, as 
discussed below under ‘Structure from Motion’. Given the 
energy currently going into UAV surveys in archaeology 
we must ask: what are the impacts and benefits of these 
often centimetre scale models and images? Are they used 
for illustration, as baseline data for monitoring, to explore 
fine-grained temporal patterns, or integrated into further 
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analyses and interpretations? What are the archaeological 
questions we ask at the 5cm–25 cm scale at the extent 
of a site, a site and its hinterland, or a small chunk of 
landscape? Identifying research themes that truly benefit 
from scaling up the available data is likewise important 
in the practice of terrestrial geophysical survey, which has 
undergone its own revolution in platforms over the past 
decade. 
Large Array Geophysics
As Kvamme (2003) demonstrated and Campana (2017b) 
recently reiterated, geophysical survey can operate as a 
form of landscape archaeology thanks to the increasing 
spatial extent of the areas covered by individual surveys. 
This thinking has been borne out, particularly in open 
alluvial and plains landscapes where the use of motorized 
arrays of multiple sensors with integrated with positioning 
systems have become de rigueur for surveys of entire 
urban settlements and of landscape blocks, wherever cost, 
ground cover, and topography permit. It is increasingly 
common for magnetometer surveys to be carried out with 
cart-mounted arrays paired with dGPS, RTK GPS, or robotic 
total stations that can guide sensor orientation and field 
coverage, allowing for larger areas to be surveyed with 
considerable speed (Figure 1). Coverage with geophysical 
sensors is not only wider but more detailed. Arrays of 
multi-frequency GPR antennae arranged at distances 
shorter than the central antenna frequency wavelength 
can produce three-dimensional full-waveform maps of the 
subsurface (Gramuseck et al. 2005). When tracked with 
precise positioning systems, multi-channel GPR survey, 
like magnetometry, can reasonably produce data for 5+ 
hectares per day, far surpassing the density and coverage 
possible otherwise.
Landmark survey projects including the Stonehenge 
Hidden Landscapes project (De Smedt et al. 2014; 
Gaffney et al. 2012) and BREBEMI project (Campana & 
Dabas 2011) and ongoing work mapping prehistoric 
landscapes in Ohio (Burks 2014a; Burks 2014b) 
demonstrate the value of scaling up geophysical 
survey beyond the site, prompting a reconsideration 
of approaches to the archaeological countryside. These 
new approaches to the archaeology of the rural world 
draw on extensive geophysical survey data that can 
complement fieldwalking or shovel testing (Thompson 
et al. 2018), leading to the identification of physical 
roads and pathways that link sites to points of interest 
in the wider landscape (Casana & Herrmann 2010: 64), 
and to the identification of previously undiscovered 
and archaeological features and sites (Campana 2017b: 
1238) that contextualize previously known sites or show 
activity in formerly quiet areas of the landscape. The 
implications of larger scale geophysical surveys have 
also been particularly profound for the study of urban 
plans and urban development, building on numerous 
surveys of entire cityscapes (Bossuet et al. 2012; Gaffney 
& Gaffney 2000; Gaffney et al. 2016; Johnson & Millett 
2013; Keay et al. 2000; Keay et al. 2009) and providing 
a framework for analyses of architectural forms and site 
organization (Benech 2007), and movement (Branting 
2010). In addition to providing growing quantities of 
new data, as discussed below, the increase in coverage 
of high spatial resolution geophysical data provides 
opportunities for a refocus of geophysical survey from 
feature detection to land use characterisation, increasing 
the overlap between archaeological prospection and 
geomorphological approaches to landscape taphonomy 
and expanding opportunities for basic research in the 
context of landscape archaeology more broadly.
UAVs and Multi-sensor Arrays Together
One apparent impact of the new resolution and extent of 
the data provided by UAV and multi-sensor array platforms 
is a rapprochement between aerial and terrestrial survey. 
This convergence in scale leads to the potential for an 
increase in projects integrating aerial and geophysical 
data productively. This stands in contrast to past 
circumstances, where aerial photography was available 
at 20 cm resolution, but most other non RGB-IR aerial 
data sources remained at 50 cm resolution or coarser, 
and data at better than 2 m resolution were relatively 
expensive. These data were collected for extensive areas, 
Figure 1: Multi-sensor array geophysics in action. Left: magnetic gradiometry, right: multichannel GPR survey (image 
courtesy Alenandre Novo and Geostudi Astier).
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and generally used to address micro-regional or large 
landscape questions. Terrestrial geophysics was frequently 
collected at resolutions ranging from 50 cm to 1 m over 
small areas, and the limited collection areas oriented 
research and management applications to the site or 
feature scale.
Consequently, a divide has persisted between the aerial 
and geophysical communities, as evidenced by separate 
professional societies. In Europe, for example, CIfA’s 
GeoSIG (CIfA 2018) and the International Society of 
Archaeological Prospection (ISAP) (ISAP 2018) primarily 
focus on terrestrial geophysics and the Aerial Archaeology 
Research Group (AARG) (AARG 2018) primarily focuses 
on aerial remote sensing. This divide is also reflected in 
the delimitation of remits in organizations like Historic 
England, which maintain separate groups for these 
areas. With airborne sensing and terrestrial geophysics 
allied more closely through their scale and extent, closer 
professional links and intentionally integrated training 
schemes should be a priority. The ArchaeoLandscapes 
Europe Project (2010–2015), and the formation of 
ArcLand International (ArcLand 2018) in 2016, an 
umbrella organization in which ISAP and AARG serve 
jointly as leadership organizations, represent important 
steps in this direction. 
Structure from Motion
Topographic study has a long history in archaeology but, 
we note, has traditionally been more closely connected 
to the domain of survey than to remote sensing. Manual 
photogrammetric workflows for aerial imagery from stereo 
pairs were relatively slow and the use of this approach 
to create 3D data therefore remained limited, although 
interpretation and planning from stereo pairs was widely 
practiced (Brophy & Cowley 2005; Ducke, Score & Reeves 
2011; Lambers et al. 2007). Although significant interest in 
Structure from Motion for 3D modelling is evident from the 
early 2000s (Pollefeys et al. 2002; Pollefeys et al. 2003), the 
step change came in the 2010s when, almost concurrent 
with the wider availability of UAV platforms, significant 
improvements in algorithms and computational capacity 
led to a revolution in the generation of 3D models from 
imagery (e.g. Green, Bevan & Shapland 2014; Remondino 
et al. 2011; Verhoeven 2011). Together with increasing 
engagement with lidar, discussed below, the availability of 
SfM data has led to the study of the shape of landforms 
and topographic morphology at various scales through 
3D models becoming an integral part of archaeological 
remote sensing. Structure from Motion (SfM), particularly 
employing aerial imagery, is now an important source 
of topographic data for small landscape areas and for 
site-based projects (Fernández-Hernandez et al. 2015; 
Jorayev et al. 2016; Remondino et al. 2011, Verhoeven 
2009; Campana 2017b; Watanabe et al. 2017). Together 
with the proliferation of UAV use in archaeology, SfM 
allows the creation of high spatial resolution topographic 
models over limited areas at relatively low cost. Examples 
including Mozas et al. (2012) and Wernke, Adams and 
Hooten (2014) illustrate the clear practical utility of SfM as 
a way to fulfil a basic archaeological desire – better maps 
of the area under study and detailed data on local surface 
topography (Figure 2). The creation of terrain models for 
Figure 2: SfM-generated orthomosaic (left) and topographic map (right) of an archaeological site, created from 
photographic images collected with a UAV. Horizontal error for individual ground control points is displayed on the 
orthomosaic. Eastern H
˘
abur Archaeological Survey.
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larger areas by processing historic imagery not collected 
explicitly with photogrammetric processing in mind, as 
carried out by Risbøl et al. (2015) and Sevara et al. (2017) 
demonstrate the potential for SfM to support landscape 
archaeological research by allowing archaeologists to 
reconstruct terrains that have since been transformed, and 
by opening new avenues for tracking landscape change at 
a higher resolutions and through deeper timelines than 
satellite imagery will permit.
In addition to reinvigorating topographic study and 
helping to bring the active use of 3D data to remote 
sensing, together with UAVs, SfM has played a leading 
role in spreading the practice of capturing and working 
with archaeological remote sensing data to a broader 
community. The use of close-range and mid-range SfM 
for the recording of stratigraphy during excavations is 
increasingly common (e.g. Koenig, Willis & Black 2017; 
Roosevelt et al. 2015), as is the practice of documenting 
the landscape surrounding an excavation. This shift in 
recording practice in the context of excavations has 
democratised the practice of working with 3D models of 
miniature terrains, and provides a bridge to working with 
3D topographic data at the landscape scale. 
Lidar
Lidar, also commonly referred to as airborne laser scanning 
(ALS) has now been in relatively wide use in archaeology 
for over a decade (Chase et al. 2011; Devereux et al. 2005; 
Fisher et al. 2017; Harmon et al. 2006; Opitz & Cowley 
2012; Doneus et al. 2013; Vinci & Bernadini 2017). The 
impacts of the increasing availability of this data are clear, 
including the discovery of large quantities of previously 
unrecorded sites and features across the landscape, a 
renewed interest in the study of the topographic context 
of sites and landscape features, an increased integration 
of geomorphological studies in archaeological projects, 
an intensification of interest in woodland landscapes and 
the archaeology of woodlands and a growing number of 
projects targeting uplands and other non-agricultural 
areas that were previously considered prohibitively costly 
or labour intensive to survey. The broad availability of high 
spatial resolution topographic data has also precipitated 
a new generation of projects revisiting path modelling, 
questions of movement, visibility studies, and other 
analyses of the experience of landscape (Brady et al. 2012; 
Corns & Shaw 2009; Primeau & Witt 2017; Schindling 
& Gibbes 2014) previously widely acknowledged to be 
hampered by the limited resolution of the available 
terrain data. 
Beyond its impacts in the research community, ALS 
is now treated as a basic data source to be employed 
wherever available by commercial projects in the UK, 
France, the Netherlands, and other European countries 
with public data available (Barnes 2003; Böfinger & Hesse 
2011; Crutchley 2010; Meylemans et al. 2017). Collection 
of the data in advance of major infrastructure projects to 
benefit their generally planning and execution continues 
to benefit archaeology, as the data is often made available 
for research beyond the mitigation strategy e.g. the LGV 
Est construction (Georges-Leroy & Villier 2016) and the 
Tor Top tunnel system (Stichelbaut et al. 2017). Regional 
and national collections, generally acquired in the context 
of flood risk, landslide, or other hazard management, are 
increasingly being made available to archaeologists, and 
a continuation of this trend will only further increase the 
impact of ALS on archaeological research and heritage 
management. Publicly available and well described data, 
as discussed below in the sections on data access and 
archives, is particularly important for broadening the use 
of archaeological remote sensing data outside the core 
specialist community, and consequently for its application 
to new questions and challenges in research and heritage 
management.
Lidar and SfM together – the landscape in 3D
Measuring and depicting the landscape in 3D and 
topographic survey are nothing new in archaeology. As with 
UAV sensors and multi-instrument geophysical surveys, 
the spatial resolution and extensive coverage of the data 
available has proved key to transforming the research 
agenda and, in this case, the interpretive context and 
process. While reading sparse survey points, contour maps, 
or hachure plans requires a trained eye, the realistic look 
and detail of lidar and SfM generated topographic models 
at least give the impression they are easily understood. 
While not slowing the pace of projects employing the 
3D terrain models to identify sites and features and 
interrogate taphonomic and geomorphological processes, 
the ready availability of detailed (20 cm–1 m resolution) 
3D data for relatively large areas and the transition to the 
domain of remote sensing, where earlier topographic data 
had primarily been collected and interpreted by surveyors, 
has incited some debate within the community over the 
interpretation of this data. The interpretation of landscape 
topography, long inherently tied to the process of carrying 
out the survey on the ground, no longer requires personal 
physical engagement with the terrain to be interpreted. 
This shift in the practice of interpreting terrain data (Opitz 
& Cowley 2012) is the subject of ongoing debate, and is 
now linked to an emerging discourse on automation and 
machine learning (Bennett, Cowley & De Laet 2014). For 
the surveyor and the remote sensing communities, jointly 
engaged in the business of studying the landscape, the 
question is one of situating expertise. Can someone who 
has never been to the place interpret its topography? Can 
an algorithm interpret topography? To what extent is the 
knowledge required to interpret remotely sensed data 
technical, about the sensors and platforms, and to what 
extent is it contextual? The answer, we may surmise, is 
somewhere in the middle as usual, but the implications 
for the practice of remote sensing as practitioners 
increasingly engage with a complex interpretive process 
are important, and we will return to these questions below.
High Temporal Revisit Satellites
While most recent innovations in data collection have 
focused on improving spatial resolution and coverage, 
the value of high temporal resolution data merits serious 
consideration. The launch of high temporal revisit 
satellites producing publicly accessible data, notably the 
Sentinel satellites (Showstack 2014), to date has received 
limited attention in the archaeological literature (but see 
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Agapiou et al. 2014; Agapiou 2016; Rucin´ski, Rączkowski 
& Niedzielko 2015). The limited spatial resolution of these 
data, too low for the reliable detection and interpretation 
of many archaeological features, is the primary reason 
for their relative neglect. However, archaeologists 
whose interests lie in reconstructing paleoenvironments 
(El-Baz et al. 2007; Herrmann 2012; Howey et al. 2014), 
the distribution of anthropogenic soils and landscapes 
(e.g. Menze & Ur 2012), or in monitoring of changes in 
overall land use, may find data from Sentinel series and 
other low- to moderate-resolution satellites useful. In 
this light, the potential impact of these platforms within 
archaeological remote sensing, particularly in the context 
of heritage monitoring and management applications, is 
great, and will grow as extensive multi-temporal archives 
are generated (see Giuliani et al. 2017 for a discussion of 
relevant parallel applications in environmental monitoring 
and Cuca & Hadjimitsis 2017 for an overview for heritage 
monitoring). High-temporal revisit platforms, together 
with detailed local weather data, provide an opportunity 
to better understand the process of crop and other 
vegetation development in relation to the presence of 
archaeological features or changes in land use. Improving 
our understanding of the cycle of farmed and unmanaged 
vegetation growth has significant implications for our 
ability to detect cropmarks and understand their formation 
or their absence. It also provides further means of engaging 
in the study of landscape change at a temporal scale often 
neglected, the short term, season, or event. To date, the 
focus of many archaeological landscape studies has been 
long term change, with remote sensing data providing 
a series of snapshots or a single palimpsest of evidence 
(see Bailey 2007 and Fairclough 2003 for discussions of 
temporalities and palimpsest). Pursuing the study of short 
term change in the landscape will require developing 
methods and frameworks to take advantage of improved 
temporal resolution and engaging seriously with theories 
of the temporal rhythms of landscape change.
These satellites also provide an important resource for 
monitoring in areas of conflict or rapid development. 
Recent articles by Parcak et al. (2016) and Fradley and 
Sheldrick (2017) in Antiquity, while in disagreement 
on some points, highlight the importance of ongoing 
monitoring and timely data updates to manage heritage 
in dynamic contexts. Several major efforts now leverage 
the advantages of serial satellite imaging across the Middle 
East and North Africa for the purpose of site and landscape 
monitoring, including the Endangered Archaeology of the 
Middle East and North Africa project (EAMENA – Bewley 
et al. 2016), the ASOR Cultural Heritage Initiatives (Casana 
and Panahipour 2014; Casana 2015; Danti et al. 2017) and 
the Afghan Heritage Mapping Project (Stein 2015). Now 
that these projects have been operating for three years or 
more, they are able to move beyond data collection and 
examine the how and why of looting and destruction 
through development. For example, analysis of the timing 
and location of looting patterns over the duration of 
the Syrian civil war through WorldView series satellites 
has helped to untangle the complex social and political 
forces that drive threats to cultural heritage (Casana & 
Laugier 2017). Parallel efforts are using satellite imagery 
to monitor looting and its effects in South America 
(Lasaponara et al. 2014; Contreras 2010) and Asia (Chen 
et al. 2017; Lasaponara & Masini 2013; Thomas & Kidd 
2017). These projects can be viewed as a foray into dealing 
with the event temporal scale, and conversations among 
different areas of the community, between heritage 
monitoring and research practitioners, will be essential 
to translate these experiences into a landscape research 
context.
Access, Archives and Standards
While technologies for data collection have advanced 
significantly, the archaeological community continues to 
struggle with the uneven availability of these technologies 
and the data produced through them, and with our ability 
to manage, maintain and make useful that data once it has 
been collected. These challenges are not unique to remote 
sensing within archaeology, but the scale, variability and 
complexity of the data involved make them acute. This 
section synthesizes and reflects on the wide-ranging 
discourse surrounding access, archiving and standards 
for archaeological remote sensing data, as well as the 
question ‘what constitutes good data?’
Access to data and ‘good data’
While it is widely acknowledged that the availability 
of satellite and aerial data has improved significantly 
overall, because much archaeological work is location 
specific, most archaeological users wish to know if data, 
and if ‘good data’ is available for their area. In spite of 
the general improvement, the availability of data, or 
coverage, varies widely. While some satellite data sources 
have global coverage, airborne and terrestrial data are 
collected on a national, regional or ad hoc basis. Over 
the past decade, national and regional airborne datasets 
have become increasingly important to archaeologists, as 
lidar, conventional high resolution aerial photography, 
and some multispectral data are collected at these levels, 
and frequently made available at no cost to researchers. 
Examples of national and regional (e.g. state, province, 
department) data made freely available, at least to in 
country researchers, include lidar data from Denmark, 
Spain, the USA, Australia, and the UK (Denmark: Styrelsen 
for Dataforsyning og Effektivisering 2018; Spain: Centro 
de Descargas 2018; USA: Office for Coastal Management 
NOAA 2018; Australia: Australian Government 2018; UK: 
Government Digital Service 2018). In short, it is unusual 
to work somewhere for which no data is available, but 
the increasing availability of relatively high resolution 
data, with which much of the research community is 
enamoured, means that it is difficult to engage in the 
current research discourse on the basis of what may be 
viewed as sub-par data. The consequence of this is a relative 
lack of engagement with researchers working in less data-
rich regions. Variability in coverage (Figure 3), in this 
sense, is a structural problem in itself, and often the divide 
is along the lines of more and less wealthy or developed 
nations or regions. The Amazon region provides a case 
in point. This region has seen significant international 
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investment in remote sensing through NGOs for purposes 
of environmental monitoring (e.g. Asner et al. 2010 and 
2012) but this data has not been made widely available 
to the broader research community, nor is it necessarily 
collected using parameters that would make it most useful 
for archaeologists, as well as environmental scientists. The 
regional picture in Central America is rather different. 
NCALM (NCALM 2018) are active in Central America, 
collecting data specified for research projects (see Chase 
& Chase 2017 for a useful summary) and making this 
data available on an Open Access basis after an embargo 
period, or immediately if agreed by the project’s lead 
investigators. These data have been instrumental in the 
rapid uptake of lidar-led landscape and survey projects 
in this region. The availability of data on an Open Access 
basis is clearly directly linked to the extensive application 
of this method across the board, and particularly in less 
wealthy regions. Appropriate lobbying of international 
agencies and government organisations may result in 
some improvements in the availability of high resolution 
data for research or management, or alterations in data 
collection strategies. 
Closely linked to the problem of coverage in the sense 
of data vs. no data, is the variable availability of high 
spatial resolution data (Chase & Chase 2017, Table 1; 
Rosenswig, López-Torrijos & Antonelli 2015). Spatial and 
signal resolution, especially spatial resolution, are 
long-standing problems in archaeological remote sensing 
(although recall our discussion above for research strands 
that benefit from lower spatial resolution data). In spite 
of the availability of very high resolution data from 
public sources for some areas and the proliferation of 
UAV surveys, archaeologists working at the landscape 
scale still regularly make choices between extensive 
areas and spatial detail. In arguing for a role for lower 
spatial resolution data and the need to develop research 
frameworks and questions to leverage it, it is essential to 
provide good training in the real, pragmatic relationship 
between nominal data resolution and the ability to 
recognize features reliably and run different analyses 
realistically. The resolution required for both detection of 
certain feature types and for some analyses is higher than 
may at first seem apparent. 
If you imagine a square feature, how many points are 
needed, if they are placed on a regular but random grid, 
to capture the shape? If a shape is curved or irregular, 
how many points are needed? This simple thought 
exercise leads to the conclusion that a ground resolution 
of 20–50 cm is necessary to reliably capture many 
archaeological features such that they are recognizable. 
Again, we are faced more with a social problem than 
a technical one. Too many projects attempt to “get 
something out of” lower resolution data and start off with 
unrealistic expectations, resulting in a general frustration 
with remote sensing as an approach (see comments 
in Campana 2016; Lasaponara et al. 2017; Linck et al. 
2013; Viberg, Trinks & Lidén 2011). As evidenced by 
many successful projects (see the recent special issue 
of Remote Sensing (Kvamme 2017) for a collection of 
examples of good practice) when data is collected at a 
resolution appropriate (Schmidt et al. 2015: 12–16) to 
the scale of the features, archaeological interpretations 
can be reached. Given the importance of the availability 
of high resolution data, and of basic coverage in less well-
resourced regions, archival data sources play an important 
role, and the support of the development of new archives 
should be a priority. Equally, the reframing of the research 
agenda to take landscape change at a broader scale into 
account could be pursued, among other research strands, 
to provide a means of activating the vast and growing 
Figure 3: lidar coverage in the USA is partial, as seen on the United States Interagency Elevation Inventory map provided 
by NOAA (accessed 13 December 2017). Partial coverage is typical of national and regional datasets. In addition to 
areas without available data, the quality and spatial resolution of the data will vary.
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archive of lower resolution (5–10m) data, opening regions 
with limited high resolution data to further study.
Archival Responsibilities
Increasing access to high quality data is fundamental to 
the continued improvement of archaeological remote 
sensing research and applications. That said, the ability to 
manage this data is increasingly a prerequisite for access, 
introducing a new potential barrier. The management 
and proper archiving of new, often large, archaeological 
remote sensing datasets remains a persistent problem for 
academics and professionals, particularly those without 
strong institutional support who are attempting to comply 
with grant-driven data management policies (Kintigh 
et al. 2015; Richards 2017; Richards & Winters 2015). To 
date it has been relatively unusual to collect large aerial 
datasets without the involvement of an organisation 
who would take responsibility for archiving, as amateur 
flyers working outside an agency or institutional context, 
collecting data purely for archaeological purposes were 
few. With the growing popularity of UAV platforms, this 
situation seems likely to change, and to more closely 
parallel the experience of the archaeological geophysics 
community, where many small research teams collect data 
in support of specific research projects. Good guidance for 
the archiving of archaeological geophysical survey data, 
e.g. the ADS Guide to Good Practice (ADS 2018) exists and 
forms the foundation for many data management plans. 
That said, the implementation of these plans remains 
limited, in part because the cost of archiving larger datasets 
with many files, and the costs of preparing the archive 
correctly remain beyond the reach of many researchers, 
and are insufficiently planned for at the budgeting and 
project planning stage (McKeague, Corns & Shaw 2012). 
Given the choice between collecting more data and paying 
for archiving, most archaeologists will choose the former 
unless forced to do otherwise by funding bodies, or by a 
creation of the expectation of planning and budgeting for 
archiving and data management driven by professional 
societies and the community itself. 
The Stacks/Data Recycling
The implicit aim of increased data availability through 
improved coverage and archival practices is that these 
archived data will be reused in the pursuit of new research 
goals, or that the reliability of analyses and interpretations 
can be interrogated by researchers external to the 
original project (Atici et al. 2013). The reuse of data and 
reproducibility in research are closely linked themes, 
as discussed in Marwick et al.’s (2017) “Open Science in 
Archaeology”. In this context, older archival imagery also 
serves as a distinct resource, adding crucial time depth 
to landscape studies. As discussed fully in Hanson and 
Oltean (2012) and Gojda (2012) archival imagery is widely 
acknowledged in the aerial archaeology community as 
an important resource, “These various sets of data have 
a number of particular advantages over more recent 
imagery (whether aerial or satellite). First and foremost, 
they provide a unique insight into the character of the 
landscape across parts of Europe and beyond as it was 
approximately century or more ago before the destructive 
impact of later twentieth century development, whether 
from the increasing mechanisation of agriculture, 
intensive industrialisation or urban expansion” (Hanson 
and Oltean 2012, p. 6). 
Given the potential of the resource, it remains little 
exploited. In part this is explained by the relative 
difficulty of accessing the collections, which are scattered 
geographically, with major collections in the US (NARA), 
the UK (NCAP), and Italy (Aerofototeca Nazionale) and 
the majority of which are not digitized. Digitisation 
work, primarily led by NCAP (NCAP 2018) is ongoing, 
and continued efforts to bring collections online are 
essential to increasing the use of these resources (Cowley 
& Stichelbaut 2012). The inconsistency of finding aids, 
the documentation provided to locate imagery within 
collections, as discussed by McKeague and Jones (2013) 
likewise hampers progress. The ongoing digitisation 
of finding aids will likewise continue to improve the 
accessibility of these collections. As is the case in other 
areas, however, the problem is as much social as it is 
technical, and the perceived value of the archival work 
remains an important obstacle. “Survey” is usually 
equated with flying in a small aircraft or walking across the 
ground, but probably the most effective means of survey, 
of discovering previously unrecorded sites and creating a 
basic record of them, remains existing aerial photographs. 
Undertaking ‘survey’ in boxes of aerial photographs or 
viewing digital images on screen may lack the appeal or 
glamour of aerial or field survey, but for simple value for 
money in discovering and recording sites, we contend that 
it has no equal” (Cowley & Stichelbaut 2012: 20) Perhaps 
the most good can be done by promoting projects that 
make use of archival materials, and initiatives such as the 
CAA Recycle Award (CAA 2018) are well placed to do this.
Considering archiving of new data and the exploitation 
of extant archives together, the danger of reproducing 
some of the problems with historic archives, notably the 
difficulties discovering data and fragmentation among 
many institutions, in the context of newly created 
archives is clear. Organisations including DANS, the ADS, 
tDAR, and OpenContext are working to play centralizing 
and aggregating roles (Bauer-Clapp & Kirakosian 2017; 
McManamon et al. 2017; Richards 2017), but complications 
of remit and obstacles of costing remain in place. While 
we are not suggesting a single archival solution, there 
is a role for international professional organisations in 
maintaining channels of communication between these 
groups, and providing links out to relevant organisations, 
which most often operate at the national level. In parallel, 
there is a need to engage with the disciplinary discourse 
on open science and open data (Figure 4) in archaeology 
in relation to the use and creation of archival data sets 
and our interactions with archives and other institutions 
acting as data repositories.
Analysis and Interpretation
As archaeological remote sensing data collections grow 
larger and we seek to tap the potential of archived and 
newly acquired data, the ability to analyse complex 
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data effectively and to automate routine tasks such as 
georeferencing and initial feature detection has become 
increasingly important. Image analysis, signal analysis 
and multivariate techniques are all well established 
in archaeological remote sensing (e.g. Aqdus, Hanson 
& Drummond 2012; Cassidy 2009; Challis & Howard 
2006; Giardino 2011). More recently, machine learning 
and computer vision have seen significant recent 
improvements (Barceló 2010; LeCun, Bengio & Hinton 
2015; Szeliski 2010; Schmidhuber 2015; van der 
Maaten 2006), and have been applied successfully to 
archaeological remote sensing projects in the past five 
years (Toumazet et al. 2017; Trier & Pilø 2012; Due Trier 
et al. 2016). Machine learning, computer vision, and 
automation are increasingly seen as instrumental to 
mobilizing archaeological remote sensing’s ‘big data’, and 
a priority for research. This section reviews the state of the 
art in analysis and interpretation, highlighting current 
obstacles to progress, and lays out an agenda for future 
work.
Obstacles to processing advances
Kvamme (2003) notes, in the context of magnetometry 
survey, that data processing is almost as important as 
the collection of raw data. He elaborates on various 
aspects of data processing that improve the visibility and 
coherence of archaeological features in magnetometry 
data, including augmentations designed to improve the 
appearance of the data as presented in print or on screen. 
His article highlights the importance of processing to 
the interpretation process. Fundamentally there are two 
ways to improve the interpretability of the data, and 
consequently the results of an archaeological remote 
sensing project. The first means is improvement in the 
quality of the data collected, e.g. signal to noise ratio, 
spatial and signal resolution and range. The second route 
is to pursue improvements in the processing techniques 
applied to the data. Is it easier to collect better data or to 
improve the processing of less than ideal data? Looking 
at the balance of archaeological innovations over the 
past decade, it seems the community has come down on 
the side of improvements in the quality of the raw data 
itself (e.g. Belina et al. 2009; Schmidt 2004; Trinks et 
al. 2010; see Jordan 2009; Schmidt & Marshall 1997 for 
more general discussion on improvements needed in the 
practice of archaeological geophysics). There has been 
significant investment in particular in the ability to collect 
high spatial resolution data over large areas, perhaps at 
least in part because the gains in interpretability and 
visual clarity from improved spatial resolution are obvious. 
We may further ascribe this emphasis to several factors: 
the relative difficulty in applying more sophisticated 
techniques, the difficulty selecting the right technique 
for a given application, and the fact that sometimes 
data simply is not improvable to the point of becoming 
interpretable (Traviglia 2006; Schmidt 2004). In spite of 
any obstacles, improvements in processing techniques 
should, in some cases, be able to improve the legibility of 
data as collected (Orlando & Soldovieri 2008; Schmidt & 
Tsetskhladze 2013).
Basic improvements in processing techniques will most 
likely come from outside archaeology and continued 
experimentation to identify those that will be broadly 
applicable to archaeological data is needed. Once 
major advances in processing have been identified, the 
difficulty lies in identifying situations where processing 
improvements are significant enough, and the basic data 
is good enough, that it is worthwhile to reprocess old 
data to achieve more informative or interpretable results. 
Areas that have been excavated or otherwise altered or 
removed since they were surveyed are likely candidates 
for reprocessing, as are areas rendered inaccessible for a 
variety of reasons. The reprocessing of Corona imagery 
to improve absolute georeferencing and reduce image 
distortions (Casana & Cothren 2013) is one such case, as 
is the re-processing of archival frame imagery to remove 
distortions and improve georeferencing (Verhoeven 
et al. 2013). Encouragement of data reuse broadly in 
archaeology, which has gained momentum in recent years 
(Faniel et al. 2013; Huggett 2015; Kansa & Kansa 2013), 
may further encourage the reprocessing of legacy data.
Prioritizing improving data fusion
In addition to improving the quality of data collection 
and processing, archaeologists have looked to combined 
datasets to aid in interpretability and provide additional 
insights. Combining datasets, or data fusion, in theory 
allows us to supply the deficiencies of one dataset with 
data from another, or bring together information on 
different aspects of the surface or substrata as recorded 
by a variety of sensors or through multi-temporal surveys. 
In practice, data fusion covers a range of techniques 
essential for integrating diverse sources of information 
(Zhang 2010), which are variably applied in archaeological 
contexts. Lasaponara and Masini (2012) usefully outline 
four categories of data fusion: signal level fusion, pixel 
level fusion, feature level fusion, and decision level fusion. 
Signal level fusion is intended to improve signal-to-noise 
ratios and creates a new signal by compiling signals from 
multiple instruments or multiple measurements taken 
Figure 4: After Marwick et al. 2017. The value of 
archives and archival data can be enhanced through 
research practices that promote and reward data reuse. 
Beyond making the data itself and information on 
processing routines available, data reuse is also linked 
to the creation of incentives for reproducible research. 
Archaeologists working with archival data should be 
prepared to engage in the disciplinary discourse around 
these issues as applied to remote sensing data sources.
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with the same instrument. Pixel level fusion is primarily 
carried out to improve the visibility of features by 
combining spectral and spatial information at the pixel 
level, resampling all coarser spatial data to the smallest 
pixel size. Feature level fusion is an object oriented 
technique, where information from pixel and signal 
sources are assigned to a single object. Decision fusion 
is relevant where rules-based systems of classification or 
identification are employed using information abstracted 
from pixel and signal sources. Below, we focus on signal 
and pixel level fusion, the methods most commonly 
applied in archaeology.
Pan sharpening techniques combine the spectral data 
available from coarser resolution multi-spectral imagery 
with the spectral and spatial information from higher 
resolution panchromatic or single band imagery, and 
are widely used in archaeological remote sensing. A 
review of these techniques illustrates the benefits, but 
also the limitations, of fusion as currently employed. 
Many algorithms have been developed (Alparone et al. 
2007; Vivone et al. 2015; Zhu & Bamler 2013) to carry 
out the fusion and pan-sharpening is a standard part of 
processing multi-spectral satellite imagery from platforms 
such as GeoEye or Ikonos, and the techniques have been 
in widespread use since the 1980s (Park & Schowengerdt 
1983; Ngan 1986; Tom, Carlotto & Way 1985). The reason 
for the multiplicity of techniques is that either the spatial 
or spectral properties of the image are always compromised 
in the process. “If the [transformation] is perfect, the 
resulting imagery will have the same sharpness as the 
original panchromatic image as well as the same colors 
as the original multispectral image. In practice, however, 
it is impossible to meet both of these goals and one often 
trades sharpness for color recovery or vice-versa.” (Padwick 
et al. 2010, p. 1). In spite of the inherent loss in fidelity, 
where both pan and multi-spectral imagery is captured 
from the same platform at the same date, the difference 
between the results of various pan-sharpening algorithms 
is not significant and the algorithms such as IHS, PC 
and Brovey available in commonly used GIS or image 
processing software e.g. QGIS and ArcGIS are suitable 
(Pesántez-Cobos, Cánovas-García & Alonso-Sarría 2017). 
Spatial resolution is improved, though usually with a loss 
in spectral consistency (Klonus & Ehlers 2013). However, 
the situation is different when pan-sharpening with data 
from multiple sensors and capture dates. Significant 
spectral distortions can be introduced when fusing across 
multiple sensors, particularly where their spectral ranges 
are not well-aligned, e.g. a fusion of Ikonos and TerraSAR-X 
data. Mercovich (2015) provides a further comparison 
of algorithms as implemented in commercial software, 
noting both spatial and spectral distortions across the 
board. 
The situation with hyperspectral imagery is even more 
complicated because this imagery’s value is primarily 
derived from its fine spectral resolution and correlations 
of the spectral values with known reflective properties 
of materials and, as discussed above, spectral distortion 
is a common artefact of pan-sharpening algorithms. 
New approaches are emerging specific to the fusion of 
hyperspectral imagery e.g. Yi et al. (2017) taking advantage 
of spectral unmixing as a constraint to spatial resolution 
enhancement, but these are not yet widely implemented 
in commercial software.
The case of pan-sharpening illustrates how data fusion 
remains ‘potentially important’ while having limited real 
impact. In cases where it works well as implemented in 
the available software, the added value is limited, as 
the spectral enhancement provided by relatively coarse 
multispectral bands rarely adds features that are not at 
least partly visible in the panchromatic imagery collected 
by the same sensor at the same moment. There is usually 
an improvement but rarely one that takes us from 
‘invisible’ to ‘visible’. On the other hand, where features 
totally invisible in high spatial resolution panchromatic 
imagery are visible in lower resolution hyperspectral 
imagery collected with a different sensor at the same 
moment, the available pan-sharpening techniques 
introduce considerable noise and distortions and often 
do not make the imagery more readily interpretable. We 
have well published examples of hyperspectral imagery 
showing features invisible in panchromatic imagery (e.g. 
Bertok, Gati and Bela 2015; Doneus et al. 2014; Masini et 
al. 2018) and hyperspectral imagery is often collected at 
a lower resolution e.g. 1–2 m than aerial photography, 
with a typical resolution of 20–50cm. Image collections 
of this nature would benefit greatly from tailored pan-
sharpening algorithms, and some progress is being made 
in this direction (Loncan et al. 2015).
A second important set of applications of data fusion, 
bringing together data from multiple sensors, surround 
the topographic correction of signal data or imagery, such 
as the topographic correction of GPR data (Figure 5) (e.g. 
Piro, Mauriello & Cammarano 2000). These applications 
combine data from a variety of spectral or geophysical 
sensors with terrain data generated from satellite 
sensors like SAR or SRTM, airborne lidar, airborne SfM 
or terrestrial survey. Topographically corrected GPR, 
seismic, or resistance tomography data provide examples 
of how signal-level data fusion directly improves data 
interpretability. By applying topographic corrections to the 
signal, the 3D location of sub-surface reflections is moved, 
significantly reducing spatial distortion of subsurface 
anomalies (Goodman et al. 2006). Topographic correction 
of airborne hyperspectral data and spectral data from 
satellite sensors likewise improves the interpretability 
of the spectral values and, importantly, facilitates 
comparisons between areas of a spectral or signal dataset 
where the landscape has different topographic properties 
(Agapiou et al. 2011; Hesse 2015; Vanonckelen, Lhermitte 
& Van Rompaey 2013).
Leisz’s (2013) overview of remote sensing in archaeology 
reflects an ambition to focus further on data fusion that 
brings together information from very different sensors, 
going beyond topographic correction. He notes, “in 
closing, a final point needs to be made regarding the use 
of remote sensing within the field of archaeology that will 
remain true no matter how many new tools are added: The 
most promising aspect of all of these technologies may be 
how they can be integrated” (p. 18). While we share this 
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ambition, we can cite only limited examples of attempts 
to undertake multi-sensor fusion that go beyond layering 
in GIS, and note that the authors of these studies report 
limited success to date e.g. Agapiou et al. (2017), where 
the authors state that the “proposed regression approach 
provided acceptable but not completely satisfactory 
results” (p. 16). Multi-instrument integration where the 
data types are quite different remains a challenge, and 
should be an active area for future research.
Future applications of Machine Learning and Computer 
Vision
Data fusion and image analysis have relatively long 
histories of application in archaeological remote sensing, 
and recent years have seen increasing exploration of the 
potential of newer sets of methods including machine 
learning, computer vision and automated feature 
detection. The terms machine learning, deep learning, 
convolution neural nets, and support vector machines 
have appeared increasingly in both popular and academic 
media over the past few years, as significant improvements 
in a variety of techniques related to computer vision and 
artificial intelligence continue to be made. Archaeologists 
working with remote sensing data have been quick to 
see the potential applications of these techniques, which 
allow for the automatic detection of a variety of types of 
archaeological features, and a number of discussion pieces 
and articles presenting early case studies have appeared 
(e.g. Leckebusch, Weibel & Bühler 2008; Robin & Sadr 
2016; Toumazet et al. 2017; Traviglia, Cowley & Lambers 
2016; Trier et al. 2016). The ability to rapidly process large 
remote sensing datasets and better target the process of 
visual interpretation has obvious and broadly positive 
implications for both research and heritage management. 
As discussed below, the enthusiasm of many in the 
archaeological remote sensing community is tempered 
by concerns over accuracy and contextualisation. In 
spite of the concerns raised, we can expect studies using 
machine learning approaches to increase in number and 
sophistication.
Machine learning techniques have much to contribute 
to full-waveform processing in remote sensing. In the 
past, the volume of data from such a survey would make 
processing and interpretation difficult, however, advances 
in processing workflows and available hardware have 
now made multi-channel GPR surveys an option for 
archaeological research in suitable areas (see automation 
below). This has become increasingly important as larger 
areas are surveyed at denser resolution (Conyers & 
Leckebusch 2010: 122). 
Distrusting Automation
The potential interest of the automation of feature 
detection has been widely recognized in the aerial 
archaeology and heritage management communities, as 
evidenced by conference sessions e.g. at the Computer 
Applications in Archaeology (CAA) 2016 meeting and the 
Aerial Archaeology Research Group (AARG) 2016 meeting 
devoted to the topic. The growing interest in automation 
occurs in the context of significant improvements in 
machine learning, a field that has greatly advanced over 
the past 5 years, with further significant gains predicted 
(Abadi et al. 2016; Ioannidou et al. 2017; Temam 2016; 
Ceze, Hill & Wenisch 2016). The interest in automation 
Figure 5: Signal-level fusion of topographic and GPR data. GPR data were shifted vertically based on surface topography 
collected with at total station. The vertical shift of radar profiles (in grey) permits creation of secondary 3D datasets 
including vertical slices through radar data (blue) and meshes that represent buried stratigraphic interfaces (red). 
After Herrmann (2012) and Herrmann (2013).
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in archaeological remote sensing, as in the broader 
discipline, is primarily in its ability to improve the rate and 
consistency of feature identification over large areas when 
compared with visual interpretation. While more efficient 
identification of potential archaeological features may 
seem an obvious good, particularly for those institutions 
charged with the management of heritage resources, 
Bennett, Cowley and De Laet (2014) note in an article 
discussing the status quo of automation in archaeological 
remote sensing, “The ability of historic environment 
professionals to engage with large datasets is impeded 
by an overwhelming adherence to an entirely manual 
prospection and interpretation approach, as traditionally 
applied to aerial photographic interpretation” (p. 897).
The reluctance to adopt automated feature extraction, 
in the authors’ opinion, is motivated by a combination 
of technological and social factors. On the technological 
side, machine learning approaches to automation 
remain in their infancy. Automatic feature extraction for 
archaeological materials is still developing (Verdonck et al. 
2017) and has yet to match the efficiency of automatic 
feature extraction for targets with consistent appearance 
(Barton and Montagu 2004; Núñez-Nieto et al. 2014) or 
for features in uniform environments, with accuracy rates 
generally below 75%. In a 2013 study, Risbøl et al. assessed 
detection success rates of a variety of feature classes as 
they appeared in a lidar-derived DTM by four interpreters 
making visual assessments. This study, while in itself 
focused on the impact of point density on predictive 
accuracy, highlighted the variability of detection accuracy 
from near 100% of charcoal kilns to pitfalls and tar kilns, 
at 13% and 40% respectively. In a recent study, Due Trier 
et al. (2016) achieved 85% accuracy detecting charcoal 
kilns using a machine learning (CNN) approach. For a 
feature type like charcoal kilns, is the difference between 
85% and 97% important enough to justify the greater 
cost and time required for visual interpretation and the 
corresponding restriction of the area covered? 
The willingness to trade high levels of reliability in 
detection for the efficiencies gained through automation 
are obviously dependent on the social and organisational 
factors surrounding the project. In the context of 
research projects one must ask: does automated feature 
detection contribute toward a clear anthropological or 
historical research objective? In the context of heritage 
management one might ask: does automated feature 
detection significantly improve heritage management 
practices or interpretation for the public? The objective 
of automated feature detection will vary from case 
to case, but for most endeavours it will fall into one of 
two categories, 1) the detection of cultural features for 
documentation or verification, or 2) feature mapping 
to model human behaviour using detected features as 
a proxy. In both instances, the ‘scale vs. detail’ problem 
looms large. Put simply, what level of accuracy from an 
automated system is acceptable for decision making, 
planning, and research? For cultural heritage projects and 
hypotheses development, automated feature detection 
with middling levels of accuracy may be appropriate, 
since independent verification through field survey or 
other means would presumably follow feature detection. 
Automated detection without independent verification of 
results, however, may not be appropriate as primary data 
used to inform explanatory models of human behaviour 
without external verification, as one runs an even greater 
than usual risk affirming one’s assumptions. 
Underlying all of this is the question of value for money 
or effort. Developing successful machine learning and 
automated detection systems requires a not insignificant 
initial investment. This initial investment includes both 
investment in personnel and access to infrastructure, and 
in developing effective training datasets that identify a 
variety of archaeological features in complex datasets and 
landscape contexts. Further, machine learning systems 
trained on large, generic image sets e.g. Places205 (Zhou 
et al. 2017) or SUN2012 (Xiao et al. 2010) are unlikely 
to be successful on archaeological remote sensing data 
because the features of interest are too different from 
those tagged in the current main training datasets. 
Rather the archaeological record as it appears in remote 
sensing data must be segmented into different feature 
classes, which each need their own training set. For 
example, training datasets must be created for pits, 
linear earthworks, quadrangular buildings, etc. against a 
variety of backgrounds, an approach paralleling work in 
automated detection by Trier et al. (2012) and Trier, Larsen 
and Solberg (2009) where individual classes of features 
are targeted. Therefore, for automated feature extraction 
to work in archaeology, the creation of robust training 
datasets that teach computers to discriminate between 
features of interest and background landscapes requires, 
at the very least, a significant manual investment, as 
images must be selected and tagged correctly. Given the 
effort involved, the likelihood of a reasonable level of 
success and the value of the results in producing new 
interpretations or knowledge must be demonstrated. 
Equally, the place of automated routines within the 
broader process of interpreting remote sensing data must 
be established. 
Interpretation and deskilling
The current debate surrounding the reliability of 
automated detection and the impact of automation 
on the interpretive process is embedded in a broader 
discourse on the practice of interpretation (see Howey 
& Brouwer Burg 2017; Morgan & Wright 2018; Westin 
2014 for related discussions of changes in archaeological 
practice and their effects on interpretation). Working with 
archaeological remote sensing data is, at a basic level, 
easier than it was 20 years ago and this is, on balance, a 
good thing. In the era of Google Maps, Google Earth, and 
national geoportals, non-specialists can readily access high 
resolution RGB satellite imagery, historical imagery, air 
photos and a variety of cadastral and land cover datasets 
for visual interpretation with relatively little effort. Today 
many people spend time navigating and finding shops 
and restaurants via smartphone or desktop map and this 
provides a basic level of comfort and familiarity with the 
top down view and basic aerial image interpretation, 
arguably a generational shift. 
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The basic functionality of GIS software has likewise 
become more accessible. The combination of easier to 
access data and easier to use software, augmented by 
an increasing number of projects successfully using 
community based crowdsourcing to undertake large scale 
archaeological remote sensing, e.g. Parcak’s Global Xplorer 
(Global Xplorer 2018) or Wernke’s GeoPacha (Wernke 
2016), has moved part of the archaeological remote 
sensing skillset from specialist to generalist knowledge 
(see Earley-Spadoni 2017 for a broader discussion of the 
de-specialisation of GIS and spatial work in the context of 
intersections with Digital Humanities). The improvements 
in popular open source GIS packages, notably QGIS, have 
made a difference by providing more sophisticated GIS 
and mapping capabilities while removing the licensing 
barrier and its associated costs. 
A perhaps unexpected consequence of the relative ease 
of programming and the proliferation of open source 
software is that selecting the ‘right tool’ and understanding 
the implications of that selection has become more 
difficult. Generally, for any given GIS task there are 
multiple tools available, and it is often unclear which is 
the best tool for the job, or what the difference is between 
two implementations of the same basic analysis. Slope 
is a classic example of this situation. Conceptually, slope 
is simply the change in elevation over a given horizontal 
distance, an idea that does not need specialist training to 
be grasped. How slope is calculated across a 3D dataset is 
another matter and a student might be horrified to learn 
that there are dozens of algorithms. For many analyses, 
the way slope is calculated will be unimportant, but for 
some it will have an impact. The process of unpacking 
the black box around calculations and highlighting that 
choices are being made become essential tasks. 
On this basis, some practitioners have sounded a 
note of caution in reaction to the current trend toward 
democratisation, expressing concern that with wider and 
less informed use inevitably comes misuse and frustration. 
The widespread availability of evermore powerful personal 
computers and the growing accessibility and relative user-
friendliness of GIS software has led to the notion that anyone 
can sit down and “teach themselves GIS” in relatively short 
order. This attitude toward what is a relatively complex 
technology supported by a substantial theoretical corpus 
may be directly linked to the apparent dissatisfaction 
with the technology in some cases, and be responsible 
for the gap between practical heritage management and 
research applications of GIS (Brouwer Burg 2017). These 
concerns about misuse or unsophisticated use leading to 
frustration and the impression that GIS and RS approaches 
are inherently flawed, while justified, should not prevent 
us from benefitting from the broad improvements in the 
technological status quo. 
While one can find poorly motivated or decontextualized 
applications readily enough in the literature, many 
projects do encourage archaeologists to consider the role 
that remote sensing plays in larger research efforts and 
the discipline itself, with some emphasizing the potential 
for remote sensing to be the central source of data for 
answering archaeological and anthropological questions. 
Conyers and Leckebusch (2010) point out that spatial 
analysis of results of remote sensing surveys, in their case 
GPR surveys, used with complementary archaeological 
data can identify diagnostic architectural forms or to 
understand construction sequences and provide a basis 
for testing cultural historical hypotheses. Thompson 
et al. (2011) define four explicit categories of spatial 
analysis of geophysical results that can lead off intensive 
anthropological and archaeological research: 1) variation 
in the built environment 2) identifying continuity and 
discontinuity in the use of space 3) untangling natural and 
cultural modifications to mapped features and 4) spatial 
regularities in the built environment at the regional level. 
Conyers and Leckebusch (2010: 122), however seem more 
optimistic that future archaeo-geophysical investigations 
can stand alone as automated feature extraction 
techniques are refined and the relationships between 
geophysical signals and specific materials become better 
understood. 
In this context, the aim of the specialist community 
becomes supporting the broadest possible use while 
flagging areas of complexity, the necessity of considering 
the research or management questions posed, and teaching 
spatial thinking and how to choose the right analytical 
tools. Providing guidance about technical choices possible 
at different steps will aid in selecting good analytical tools, 
but does not address the deeper concern regarding the 
potential proliferation of under-theorized analyses. This 
risk seems, to the authors, is one that can be mitigated 
by making the case loudly and often that any application 
of GIS or RS must be question driven and the theoretical 
implications of the spatial analyses well set out, and by 
reinforcing these arguments through the mechanisms of 
teaching, peer review, and public discourse.
Conclusions
This article attempts to provide a balanced view of 
the progress in and obstacles to the contemporary 
practice of archaeological remote sensing. Specialists in 
archaeological remote sensing are actively pursuing the 
opportunities created by technological advances, while 
recognizing that significant obstacles to the broader 
integration of these methods into the general toolkit of 
landscape studies remain. Therefore, while not seeking 
to detract from the real benefits of recent technological 
improvements, the discussion here highlights areas 
where long recognized problems persist: differential 
availability of high resolution data, inadequate methods 
for data fusion, the burden of managing archival imagery, 
outsourcing processing advances, distrust of automation, 
and the democratisation of aerial imagery interpretation. 
We must remain aware of impact of these constraints on 
the potential of emerging technologies and methods, 
and undertake the serious reflection needed to make 
progress on these issues, many of which are both social 
and technical. 
In spite of these persistent challenges, archaeological 
remote sensing has much to contribute to the future of 
heritage management and archaeological research. The 
central themes in archaeological remote sensing theory 
Opitz and Herrmann: Recent Trends and Long-standing Problems in 
Archaeological Remote Sensing
14  
and practice, including the importance of landscape as a 
framework, awareness of the highly differential uptake of 
archaeological remote sensing methods and availability 
of data in different contexts, the promotion of good 
practice without creating exclusive research communities, 
integration with related disciplines, and connections 
between research and management, continue to be 
developed. Beyond continuing to contribute within 
our own domain, the potential to act as an impetus for 
integration with other domains studying the landscape 
is great. This integrative role, one archaeological remote 
sensing already plays as a data source and set of methods 
in use in a variety of projects, will remain central to its 
future development. 
Acknowledgements
This paper has benefitted from discussions with colleagues 
in the archaeological remote sensing community over the 
years, and from ongoing engagement with a variety of 
projects integrating remote sensing through the SPARC 
Program (NSF Awards #1321443, 1519660 and 1720339). 
All errors and omissions remain our own.
References
AARG. 2018. About AARG. Available at: https://www.
univie.ac.at/aarg/index.php/about-aarg.html [Last 
accessed 14 April 2018].
Abadi, M, Agarwal, A, Barham, P, Brevdo, E, Chen, Z, 
Citro, C, Corrado, G S, Davis, A, Dean, J, Devin, 
M, Ghemawat, S, Goodfellow, I J, Harp, A, 
Irving, G, Isard, M, Jia, Y, Józefowicz, R, Kaiser, 
L, Kudlur, M, Levenberg, J, Mané, D, Monga, R, 
Moore, S, Murray, D G, Olah, C, Schuster, M, 
Shlens, J, Steiner, B, Sutskever, I, Talwar, K, 
Tucker, P A, Vanhoucke, V, Vasudevan, V, Viégas, 
F B, Vinyals, O, Warden, P, Wattenberg, M, 
Wicke, M, Yu, Y and Zheng, X. 2016. TensorFlow: 
Large-Scale Machine Learning on Heterogeneous 
Distributed Systems. CoRR. Available at: https://
arxiv.org/abs/1603.04467 [Last accessed 15 March 
2018].
ADS. 2018. Guide to Good Practice: Geophysical Data 
in Archaeology. Available at: http://guides.
archaeologydataservice.ac.uk/g2gp/Geophysics_
Toc [Last accessed 14-04-2018].
Agapiou, A. 2016. Remote sensing heritage in a petabyte-
scale: satellite data and heritage Earth Engine© 
applications. International Journal of Digital Earth, 
101: 85–102. DOI: https://doi.org/10.1080/17538
947.2016.1250829
Agapiou, A, Alexakis, D D, Apostolos, S and 
Hadjimitsis, D G. 2014. Evaluating the Potentials 
of Sentinel-2 for Archaeological Perspective. Remote 
Sensing, 63: 2176–2194.
Agapiou, A, Hadjimitsis, D G, Papoutsa, C, Alexakis, 
D D and Papadavid, G. 2011. The Importance 
of Accounting for Atmospheric Effects in the 
Application of NDVI and Interpretation of Satellite 
Imagery Supporting Archaeological Research: The 
Case Studies of Palaepaphos and Nea Paphos Sites 
in Cyprus. Remote Sensing, 312: 2605–2629. DOI: 
https://doi.org/10.3390/rs3122605
Agapiou, A and Lysandrou, V. 2015. Remote sensing 
archaeology: Tracking and mapping evolution 
in European scientific literature from 1999 to 
2015. Journal of Archaeological Science: Reports, 
4: 192–200. DOI: https://doi.org/10.1016/j.
jasrep.2015.09.010
Agapiou, A, Lysandrou, V, Sarris, A, Papadopoulos, 
N and Hadjimitsis, D G. 2017. Fusion of 
Satellite Multispectral Images Based on Ground-
Penetrating Radar GPR Data for the Investigation 
of Buried Concealed Archaeological Remains. 
Geosciences, 72: 40. DOI: https://doi.org/10.3390/
geosciences7020040
Aitchison, K. 2017. Survey of Archaeological Specialists 
2016–17. Sheffield: Landward Research Ltd. 
Available at: http://wwwlandwardeu/wp-content/
uploads/sites/6/2017/07/Survey_Archaeological_
Specialists_201617pdf [Last accessed 1 October 
2017].
Aqdus, S A, Hanson, W S and Drummond, J. 2012. The 
potential of hyperspectral and multi-spectral imagery 
to enhance archaeological cropmark detection: a 
comparative study. Journal of Archaeological Science, 
397: 1915–1924. DOI: https://doi.org/10.1016/j.
jas.2012.01.034
ArcLand. 2018. About. Available at: http://www.arcland.
org/about [Last accessed 14 April 2018].
Asner, G P, Knapp, D E, Boardman, J, Green, R O, 
Kennedy-Bowdoin, T, Eastwood, M, Martin, R 
E, Anderson, C and Field, C B. 2012. ‘Carnegie 
Airborne Observatory-2: Increasing science data 
dimensionality via high-fidelity multi-sensor fusion’. 
Remote Sensing of Environment, 124: 454–465. DOI: 
https://doi.org/10.1016/j.rse.2012.06.012
Asner, G P, Powell, G V N, Mascaro, J, Knapp, D E, 
Clark, J K, Jacobson, J, Kennedy-Bowdoin, T, 
Balaji, A, Paez-Acosta, G, Victoria, E, Secada, 
L, Valqui, M and Hughes, R F. 2010. High-
resolution forest carbon stocks and emissions in 
the Amazon. Proceedings of the National Academy of 
Sciences, 107(38): 16738–16742. DOI: https://doi.
org/10.1073/pnas.1004875107
Atici, L, Kansa, S W, Lev-Tov, J and Kansa, E C. 2013. 
Other Peoples Data: A Demonstration of the 
Imperative of Publishing Primary Data. Journal of 
Archaeological Method and Theory, 20(4): 663–681. 
DOI: https://doi.org/10.1007/s10816-012-9132-9
Australian Government Geoscience Australia. 2018. 
Digital Elevation Model (DEM) of Australia derived 
from LiDAR 5 Metre Grid. Available at: http://pid.
geoscience.gov.au/dataset/89644 [Last accessed 14 
April 2018].
Bailey, G. 2007. Time perspectives, palimpsests and the 
archaeology of time. Journal of Anthropological 
Archaeology, 26(2): 198–223. DOI: https://doi.
org/10.1016/j.jaa.2006.08.002
Barceló, J. 2010. Computational Intelligence in 
Archaeology State of the art. In: Proceedings of the 
Opitz and Herrmann: Recent Trends and Long-standing Problems in 
Archaeological Remote Sensing
15
37th International Conference Computer Applications 
& Qualitative Methods in Archaeology CAA, 11–21.
Barnes, I. 2003. Aerial remote-sensing techniques used 
in the management of archaeological monuments 
on the British Armys Salisbury Plain Training Area, 
Wiltshire, UK. Archaeological Prospection, 10(2): 
83–90. DOI: https://doi.org/10.1002/arp.197
Barton, C V M and Montagu, K D. 2004. Detection of 
tree roots and determination of root diameters by 
ground penetrating radar under optimal conditions. 
Tree Physiology, 24(12): 1323–1331. DOI: https://
doi.org/10.1093/treephys/24.12.1323
Bauer-Clapp, H and Kirakosian, K. 2017. Archaeologists 
and Archives. Advances in Archaeological Practice, 
5(03): 220–226. DOI: https://doi.org/10.1017/
aap.2017.16
Belina, F A, Dafflon, B, Tronicke, J and Holliger, K. 
2009. Enhancing the vertical resolution of surface 
georadar data. Journal of Applied Geophysics, 
68(1): 26–35. DOI: https://doi.org/10.1016/j.
jappgeo.2008.08.011
Benech, C. 2007. New approach to the study of city 
planning and domestic dwellings in the ancient 
Near East. Archaeological Prospection, 14(2): 87–103. 
DOI: https://doi.org/10.1002/arp.306
Bennett, R, Cowley, D and De Laet, V. 2014. The data 
explosion: tackling the taboo of automatic feature 
recognition in airborne survey data. Antiquity, 
88(341): 896–905. DOI: https://doi.org/10.1017/
S0003598X00050766
Bertok, G, Gati, C and Bela, S. 2015. Adatbetakarítás? 
Agrárrégészet? A Roncsolásmentes Régészeti 
Kutatás Újabb Módszerei És Aspektusai Szemely–
Hegyes Baranya Megye Lelo˝helyen. Archeometriai 
Mu˝hely, XII(2): 103–115.
Bewley, R, Wilson, A I, Kennedy, D, Mattingly, D, Banks, 
R, Bishop, M, Bradbury, J, Cunliffe, E, Fradley, 
M, Jennings, R and Mason, R. 2016. Endangered 
archaeology in the Middle East and North Africa: 
Introducing the EAMENA project. In: CAA2015 
Keep the Revolution Going: Proceedings of the 43rd 
Annual Conference on Computer Applications and 
Quantitative Methods in Archaeology, 919–32. 
Oxford: Archaeopress.
Böfinger, J and Hesse, R. 2011. As far as the laser can 
reach…Laminar analysis of LiDAR detected structures 
as a powerful instrument for archaeological heritage 
management in Baden-Württemberg, Germany. In: 
Cowley, D C (ed.), Remote sensing for archaeological 
heritage management, 161–171.
Bossuet, G, Thivet, M, Trillaud, S, Marmet, E, Laplaige, 
C, Dabas, M, Hullin, G, Favard, A, Combe, L, 
Barres, E, Lacaze, S, Aubry, L, Chassang, M, 
Mourot, A and Camerlynck, C. 2012. City Map 
of Ancient Epomanduodurum Mandeure-Mathay, 
Franche-Comté, Eastern France: Contribution of 
Geophysical Prospecting Techniques: City Map 
of Ancient Epomanduodurum Eastern France. 
Archaeological Prospection, 19(4): 261–280. DOI: 
https://doi.org/10.1002/arp.1433
Brady, C, Davis, S, Megarry, W and Barton, K. 2012. 
Lidar survey in the Brú na Bóinne World Heritage 
Site. In: Opitz, R S and Cowley, D C (eds.), Interpreting 
archaeological topography: 3D data, visualisation 
and observation. Oxbow: Oxford. 
Branting, S A. 2010. Simulating Movement, 
Communication and Flows of Knowledge at 
Kerkenes Dag˘. In: Wissa, M (ed.), The Knowledge 
Economy and Technological Capabilities, 87–102.
Brophy, K and Cowley, D. 2005. From the Air: 
Understanding Aerial Archaeology. Available at: 
http://eprintsglaacuk/64330/.
Brouwer Burg, M. 2017. It must be right, GIS told 
me so! Questioning the infallibility of GIS as a 
methodological tool. Journal of Archaeological 
Science, 84: 115–120. DOI: https://doi.
org/10.1016/j.jas.2017.05.010
Burks, J. 2014a. Geophysical Survey at Ohio 
Earthworks: updating Nineteenth Century Maps 
and Filling the “Empty” Spaces: Geophysical 
Survey at Ohio Earthworks. Archaeological 
Prospection, 21(1): 5–13. DOI: https://doi.
org/10.1002/arp.1475
Burks, J. 2014b. Recent Large-Area Magnetic Gradient 
Surveys at Ohio Hopewell Earthwork Sites. ISAP 
News, 39: 11–13.
CAA. 2018. Recycle Award. Available at: http://caa-
international.org/bursaries/recycle-award/ [Last 
accessed 14 April 2018].
Campana, S. 2016. Sensing Ruralscapes Third-Wave 
Archaeological Survey in the Mediterranean Area. 
In: Forte, M and Campana, S (eds.), Digital Methods 
and Remote Sensing in Archaeology, 113–145. 
Springer International Publishing. DOI: https://doi.
org/10.1007/978-3-319-40658-9_6
Campana, S. 2017a. Drones in Archaeology State-of-the-
art and Future Perspectives: Drones in Archaeology. 
Archaeological Prospection, 24(4): 275–296. DOI: 
https://doi.org/10.1002/arp.1569
Campana, S. 2017b. Emptyscapes: filling an “empty” 
Mediterranean landscape at Rusellae, Italy. 
Antiquity, 91(359): 1223–1240. DOI: https://doi.
org/10.15184/aqy.2017.139
Campana, S and Dabas, M. 2011. Archaeological 
Impact Assessment: The BREBEMI Project Italy: The 
BREBEMI Project Italy. Archaeological Prospection, 
18(2): 139–148. DOI: https://doi.org/10.1002/
arp.407
Carrivick, J L, Smith, M W and Quincey, D J. 2016. 
Background to structure from motion. In: Structure 
from Motion in the Geosciences. DOI: https://doi.
org/10.1002/9781118895818.ch3
Casana, J. 2014. Regional-Scale Archaeological Remote 
Sensing in the Age of Big Data. Advances in 
Archaeological Practice, 2(03): 222–233. DOI: 
https://doi.org/10.7183/2326-3768.2.3.222
Casana, J. 2015. Satellite Imagery-Based Analysis of 
Archaeological Looting in Syria. Near Eastern 
Archaeology, 78(3). DOI: https://doi.org/10.5615/
neareastarch.78.3.0142
Opitz and Herrmann: Recent Trends and Long-standing Problems in 
Archaeological Remote Sensing
16  
Casana, J and Cothren, J. 2013. Orthorectification of 
CORONA Satellite Imagery and Regional-Scale 
Archaeological Exploration in the Near East. 
In: Comer, D C, Harrower, M J (eds.), Mapping 
Archaeological Landscapes from Space, 33–43. New 
York: Springer.
Casana, J and Hermann, J T. 2010. Settlement History 
and Urban Planning at Zincirli Höyük, Southern 
Turkey. Journal of Mediterranean Archaeology, 23(1). 
DOI: https://doi.org/10.1558/jmea.v23i1.55
Casana, J and Laugier, E J. 2017. Satellite imagery-
based monitoring of archaeological site damage 
in the Syrian civil war. Biehl, P F (ed.), PLOS ONE, 
12(11). DOI: https://doi.org/10.1371/journal.
pone.0188589
Casana, J and Panahipour, M. 2014. “Satellite-
Based Monitoring of Looting and Damage to 
Archaeological Sites in Syria.” Journal of Eastern 
Mediterranean Archaeology and Heritage Studies, 
2(2): 128–51. DOI: https://doi.org/10.5325/
jeasmedarcherstu.2.2.0128
Casana, J, Wiewel, A, Cool, A, Hill, A C, Fisher, K 
D and Laugier, E J. 2017. Archaeological Aerial 
Thermography in Theory and Practice. Advances 
in Archaeological Practice, 5(04): 310–327. DOI: 
https://doi.org/10.1017/aap.2017.23
Cassidy, N J. 2009. Ground penetrating radar data 
processing, modelling and analysis. Ground 
penetrating radar: theory and Applications, 141–176.
Centro de Descargas. 2018. Search Products. 
Available at: http://centrodedescargas.cnig.
e s / C e n t r o D e s c a r g a s / b u s c a d o r C a t a l o g o .
do?codFamilia=lidar# [Last accessed 14 April 2018].
Ceze, L, Hill, M D and Wenisch, T F. 2016. Arch2030: A 
Vision of Computer Architecture Research over the 
Next 15 Years. arXiv:161203182 [cs]. Available at: 
http://arxivorg/abs/161203182.
Challis, K and Howard, A J. 2006. A review of trends 
within archaeological remote sensing in alluvial 
environments. Archaeological Prospection, 13(4): 
231–240. DOI: https://doi.org/10.1002/arp.296
Chartered Institute for Archaeologists CIfA. 2014. 
CIfA Professional Practice Paper: An Introduction to 
Providing Career Entry Training in Your Organisation 
Reading: CIfA.
Chase, A F and Chase, D Z. 2017. Detection of Maya 
Ruins by LiDAR: Applications, Case Study, and 
Issues. In: Masini, N and Soldovieri, F (eds.), 
Sensing the Past, 16: 455–468. Cham, Springer 
International Publishing. DOI: https://doi.
org/10.1007/978-3-319-50518-3_22
Chase, A F, Chase, D Z, Weishampel, J F, Drake, J B, 
Shrestha, R L, Slatton, K C, Awe, J J and Carter, 
W E. 2011. Airborne LiDAR, archaeology, and the 
ancient Maya landscape at Caracol, Belize. Journal 
of Archaeological Science, 38(2): 387–398. DOI: 
https://doi.org/10.1016/j.jas.2010.09.018
Chen, F, Jiang, A, Tang, P, Yang, R, Zhou, W, Wang, H, Lu, 
X and Balz, T. 2017. Multi-scale synthetic aperture 
radar remote sensing for archaeological prospection 
in Han Hangu Pass, Xinan China. Remote Sensing 
Letters, 8(1): 38–47. DOI: https://doi.org/10.1080/
2150704X.2016.1235812
CIfA. 2018. Geophysics Special Interest Group (GeoSIG). 
Available at: https://www.archaeologists.net/
groups/geophysics [Last accessed 14 April 2018].
Colomina, I and Molina, P. 2014. Unmanned aerial 
systems for photogrammetry and remote sensing: A 
review. ISPRS Journal of Photogrammetry and Remote 
Sensing, 92: 79–97. DOI: https://doi.org/10.1016/j.
isprsjprs.2014.02.013
Comer, D C and Harrower, M J. 2013. Mapping 
Archaeological Landscapes from Space. SpringerBriefs 
in Archaeology, New York: Springer New York. DOI: 
https://doi.org/10.1007/978-1-4614-6074-9
Contreras, D A. 2010. Huaqueros and remote sensing 
imagery: assessing looting damage in the Virú Valley, 
Peru. Antiquity, 84(324): 544–555. DOI: https://doi.
org/10.1017/S0003598X0006676X
Corns, A and Shaw, R. 2009. High resolution 
3-dimensional documentation of archaeological 
monuments and landscapes using airborne LiDAR. 
Journal of Cultural Heritage, 10: e72–e77. DOI: 
https://doi.org/10.1016/j.culher.2009.09.003
Council of Europe. 2000. European Landscape 
Convention European Treaty Series No 176 Council 
of Europe, Strasbourg.
Cowley, D and Palmer, R. 2009. Education in aerial remote 
sensing for archaeology. Occasional Publication of 
the Aerial Archaeology Research Group #1.
Cowley, D C and Stichelbaut, B B. 2012. Historic Aerial 
Photographic Archives for European Archaeology. 
European Journal of Archaeology, 15(2): 217–
236. DOI: https://doi.org/10.1179/14619571
12Y.0000000010
Crutchley, S. 2010. The Light Fantastic: Using 
Airborne Lidar in Archaeological Survey. 
Available at: http://citeseerxistpsuedu/viewdoc/
summary?doi=10114645374.
Cuca, B and Hadjimitsis, D G. 2017. Space technology 
meets policy: An overview of Earth Observation 
sensors for monitoring of cultural landscapes within 
policy framework for Cultural Heritage. Journal of 
Archaeological Science: Reports, 14: 727–733. DOI: 
https://doi.org/10.1016/j.jasrep.2017.05.001
Danti, M, Branting, S and Penacho, S. 2017. The 
American Schools of Oriental Research Cultural 
Heritage Initiatives: Monitoring Cultural Heritage 
in Syria and Northern Iraq by Geospatial Imagery. 
Geosciences, 7(4). DOI: https://doi.org/10.3390/
geosciences7040095
De Smedt, P, Van Meirvenne, M, Saey, T, Baldwin, 
E, Gaffney, C and Gaffney, V. 2014. Unveiling 
the prehistoric landscape at Stonehenge through 
multi-receiver EMI. Journal of Archaeological 
Science, 50: 16–23. DOI: https://doi.org/10.1016/j.
jas.2014.06.020
Devereux, B J, Amable, G S, Crow, P and Cliff, A D. 
2005. The potential of airborne lidar for detection of 
archaeological features under woodland canopies. 
Opitz and Herrmann: Recent Trends and Long-standing Problems in 
Archaeological Remote Sensing
17
Antiquity, 79(305): 648–660. DOI: https://doi.
org/10.1017/S0003598X00114589
Doneus, M and Briese, C. 2006. Full-waveform 
airborne laser scanning as a tool for archaeological 
reconnaissance. BAR International Series, 1568.
Doneus, M, Doneus, N, Briese, C, Pregesbauer, 
M, Mandlburger, G and Verhoeven, G. 2013. 
Airborne laser bathymetry–detecting and recording 
submerged archaeological sites from the air. Journal 
of Archaeological Science, 40(4): 2136–2151. DOI: 
https://doi.org/10.1016/j.jas.2012.12.021
Doneus, M, Verhoeven, G, Atzberger, C, Wess, M and 
Ruš, M. 2014. New ways to extract archaeological 
information from hyperspectral pixels. Journal of 
Archaeological Science, 52: 84–96. DOI: https://doi.
org/10.1016/j.jas.2014.08.023
Ducke, B, Score, D and Reeves, J. 2011. Multiview 
3D reconstruction of the archaeological site at 
Weymouth from image series. Computers & Graphics, 
35(2): 375–382 DOI: https://doi.org/10.1016/j.
cag.2011.01.006
Due Trier, Ø, Salberg, A-B, Holger Pilø, L, Tonning, 
C, Marius Johansen, H and Aarsten, D. 2016. 
Semi-automatic mapping of cultural heritage from 
airborne laser scanning using deep learning. EGU 
General Assembly Conference Abstracts, 18: 5716.
Earley-Spadoni, T. 2017. Spatial History, deep mapping 
and digital storytelling: archaeology’s future 
imagined through an engagement with the Digital 
Humanities. Journal of Archaeological Science, 
84: 95–102. DOI: https://doi.org/10.1016/j.
jas.2017.05.003
El-Baz, F, Robinson, C A and Al-Saud, T S. 2007. SAR 
images in geoarchaeology of eastern Sahara. In: 
Wisemann, J and El Baz, F (eds.), Remote Sensing in 
Archaeology, 47–70. Berlin: Springer Verlag. DOI: 
https://doi.org/10.1007/0-387-44455-6_2
Fairclough, G. 2003. “The long chain”: archaeology, 
historical landscape characterization and 
time depth in the landscape. In: Landscape 
Interfaces, 295–318. Springer. DOI: https://doi.
org/10.1007/978-94-017-0189-1_16
Faniel, I, Kansa, E, Whitcher Kansa, S, 
Barrera-Gomez, J and Yakel, E. 2013. The 
challenges of digging data: a study of context 
in archaeological data reuse. Proceedings of the 
13th ACM/IEEE-CS joint conference on Digital 
libraries, ACM, 295–304. DOI: https://doi.
org/10.1145/2467696.2467712
Fernández-Hernandez, J, González-Aguilera, D, 
Rodríguez-Gonzálvez, P and Mancera-Taboada, 
J. 2015. Image-Based Modelling from Unmanned 
Aerial Vehicle UAV Photogrammetry: An Effective, 
Low-Cost Tool for Archaeological Applications. 
Archaeometry, 57(1): 128–145 DOI: https://doi.
org/10.1111/arcm.12078
Fisher, C T, Cohen, A S, Fernández-Diaz, J C and Leisz, S 
J. 2017. The application of airborne mapping LiDAR 
for the documentation of ancient cities and regions 
in tropical regions. Quaternary International, 
448: 129–138 DOI: https://doi.org/10.1016/j.
quaint.2016.08.050
Fradley, M and Sheldrick, N. 2017. Satellite imagery and 
heritage damage in Egypt: a response to Parcak et al. 
2016. Antiquity, 91(357): 784–792 DOI: https://doi.
org/10.15184/aqy.2017.25
Gaffney, C and Gaffney, V. 2000. Non-invasive 
investigations at Wroxeter at the end of the 
twentieth century. Archaeological Prospection, 
7(2): 65–67. DOI: https://doi.org/10.1002/1099-
0763(200006)7:2<65::AID-ARP144>3.3.CO;2-R
Gaffney, C, Gaffney, V, Neubauer, W, Baldwin, 
E, Chapman, H, Garwood, P, Moulden, H, 
Sparrow, T, Bates, R, Löcker, K and others. 
2012. The Stonehenge hidden landscapes project. 
Archaeological Prospection, 19(2): 147–155. DOI: 
https://doi.org/10.1002/arp.1422
Gaffney, C F, Gaffney, V L, Neubauer, W, Chng, E, 
Goodchild, H, Murgatroyd, P, Sears, G, Kirigin, 
B, Milosovic, A and White, R. 2016. Cityscapes 
without figures: geophysics, computing and the 
future of urban studies. In: Boschi, F (ed.), Looking 
to the future, caring for the past. Preventative 
archaeology in theory and practice. Proceedings 
of the 2013–2014 Erasmus IP Summer Schools 
in Preventive Archaeology: Evaluating sites and 
landscapes. Methods and techniques for evaluating 
the archaeological value, 191–214. Bologna: Bononia 
University Press.
Georges-Leroy, M and Villier, S. 2016. Les apports du 
lidar à larchéologie préventive: lexemple de la 
LGV Est Paris-Strasbourg en Lorraine. Archéopages: 
archéologie & société (Hors-série 4), 82–91.
Giardino, M J. 2011. A history of NASA remote 
sensing contributions to archaeology. Journal of 
Archaeological Science, 38(9): 2003–2009. DOI: 
https://doi.org/10.1016/j.jas.2010.09.017
Giuliani, G, Dao, H, De Bono, A, Chatenoux, B, 
Allenbach, K, De Laborie, P, Rodila, D, Alexandris, 
N and Peduzzi, P. 2017. Live monitoring of earth 
surface LiMES: A framework for monitoring 
environmental changes from earth observations. 
Remote Sensing of Environment, 202: 222–233. DOI: 
https://doi.org/10.1016/j.rse.2017.05.040
Global Xplorer. 2018. About GlobalXplorer. Available 
at: https://www.globalxplorer.org/about [Last 
accessed 14 April 2018].
Gojda, M. 2012. Landscapes Through the Lens: Aerial 
Photographs and Historic Environment. European 
Journal of Archaeology, 15(2): 356–359. DOI: https://
doi.org/10.1179/146195712X1338284978019
Goodman, D, Nishimura, Y, Hongo, H and Higashi, 
N. 2006. Correcting for topography and the tilt of 
ground-penetrating radar antennae. Archaeological 
Prospection, 13(2): 157–161. DOI: https://doi.
org/10.1002/arp.284
Government Digital Service. 2018. LIDAR Composite 
DTM – 50 cm. Available at: https://data.gov.uk/
dataset/lidar-composite-dtm-50cm1 [Last accessed 
14 April 2018].
Opitz and Herrmann: Recent Trends and Long-standing Problems in 
Archaeological Remote Sensing
18  
Green, S, Bevan, A and Shapland, M. 2014. A 
comparative assessment of structure from motion 
methods for archaeological research. Journal of 
Archaeological Science, 46: 173–181. DOI: https://
doi.org/10.1016/j.jas.2014.02.030
Hanson, W S and Oltean, I A. 2012. Archaeology from 
historical aerial and satellite archives. Springer 
Science & Business Media.
Harmon, J M, Leone, M P, Prince, S D and Snyder, M. 
2006. Lidar for archaeological landscape analysis: 
a case study of two eighteenth-century Maryland 
plantation sites. American Antiquity, 71(4): 
649–670. DOI: https://doi.org/10.2307/40035883
Herrmann, J T. 2012. Prehistoric human ecodynamics in 
the Rub al-Khali Desert: results of remote sensing 
and excavations in Dubai, United Arab Emirates.
Herrmann, J T. 2013. Three-Dimensional Mapping of 
Archaeological and Sedimentary Deposits with 
Ground-penetrating Radar at Saruq al-Hadid, Dubai, 
United Arab Emirates. Archaeological Prospection, 
20(3): 189–203. DOI: https://doi.org/10.1002/
arp.1456
Hesse, R. 2015. Combining structure-from-motion with 
high and intermediate resolution satellite images 
to document threats to archaeological heritage in 
arid environments. Journal of Cultural Heritage, 
16(2): 192–201. DOI: https://doi.org/10.1016/j.
culher.2014.04.003
Howey, M C and Brouwer Burg, M. 2017. Assessing the 
state of archaeological GIS research: Unbinding 
analyses of past landscapes. Journal of Archaeological 
Science, 84: 1–9. DOI: https://doi.org/10.1016/j.
jas.2017.05.002
Howey, M C, Palace, M, McMichael, C H and Braswell, 
B. 2014. Moderate-resolution remote sensing and 
geospatial analyses of microclimates, mounds, and 
maize in the northern Great Lakes. Advances in 
Archaeological Practice, 2(3): 195–207. DOI: https://
doi.org/10.7183/2326-3768.2.3.195
Huggett, J. 2015. Digital haystacks: open data and the 
transformation of archaeological knowledge. 
In: Edwards, B and Wilson, A (eds.), Open 
Source Archaeology: Ethics and Practice, 6–29. 
De Gruyter Open, Warsaw. DOI: https://doi.
org/10.1515/9783110440171-003
Ioannidou, A, Chatzilari, E, Nikolopoulos, S and 
Kompatsiaris, I. 2017. Deep learning advances 
in computer vision with 3d data: A survey. ACM 
Computing Surveys CSUR, 50(2). DOI: https://doi.
org/10.1145/3042064
ISAP. 2018. The Society. Available at: http://www.
archprospection.org/society [Last accessed 14 April 
2018].
Johnson, P and Millett, M. 2013. Archaeological survey 
and the city. Oxford: Oxbow Books.
Jorayev, G, Wehr, K, Benito-Calvo, A, Njau, J and de 
la Torre, I. 2016. Imaging and photogrammetry 
models of Olduvai Gorge Tanzania by Unmanned 
Aerial Vehicles: A high-resolution digital database 
for research and conservation of Early Stone Age 
sites. Journal of Archaeological Science, 75: 40–56. 
DOI: https://doi.org/10.1016/j.jas.2016.08.002
Kamermans, H, Gojda, M and Posluschny, A. (eds.) 2014. 
A sense of the past: studies in current archaeological 
applications of remote sensing and non-invasive 
prospection methods. BAR international series. 
Oxford: Archaeopress.
Kansa, E C and Kansa, S W. 2013. Open archaeology: we 
all know that a 14 is a sheep: data publication and 
professionalism in archaeological communication. 
Journal of Eastern Mediterranean Archaeology & 
Heritage Studies, 1(1): 88–97. DOI: https://doi.
org/10.5325/jeasmedarcherstu.1.1.0088
Keay, S, Earl, G, Hay, S, Kay, S, Ogden, J and Strutt, K 
D. 2009. The role of integrated geophysical survey 
methods in the assessment of archaeological 
landscapes: the case of Portus. Archaeological 
Prospection, 16(3): 154–166. DOI: https://doi.
org/10.1002/arp.358
Keay, S, Millett, M, Poppy, S, Robinson, J, Taylor, J 
and Terrenato, N. 2000. Falerii Novi: a new survey 
of the walled area. Papers of the British School 
at Rome, 1–93. DOI: https://doi.org/10.1017/
S0068246200003871
Khan, S, Aragão, L and Iriarte, J. 2017. A UAV–lidar 
system to map Amazonian rainforest and its ancient 
landscape transformations. International Journal of 
Remote Sensing, 38(10): 2313–2330.
Kintigh, K W, Altschul, J H, Kinzig, A P, Limp, W 
F, Michener, W K, Sabloff, J A, Hackett, E J, 
Kohler, T A, Ludäscher, B and Lynch, C A. 2015. 
Cultural dynamics, deep time, and data: Planning 
cyberinfrastructure investments for archaeology. 
Advances in Archaeological Practice, 3(1): 1–15. DOI: 
https://doi.org/10.7183/2326-3768.3.1.1
Klonus, S and Ehlers, M. 2007. Image fusion using 
the Ehlers spectral characteristics preservation 
algorithm. GIScience & Remote Sensing, 44(2): 93–116. 
DOI: https://doi.org/10.2747/1548-1603.44.2.93
Koenig, C W, Willis, M D and Black, S L. 2017. Beyond 
the Square Hole. Advances in Archaeological Practice, 
5(1). DOI: https://doi.org/10.1017/aap.2016.8
Kvamme, K L. 2003. Geophysical surveys as landscape 
archaeology. American Antiquity, 68(3): 435–457. 
DOI: https://doi.org/10.2307/3557103
Kvamme, K L and Johnson, J K. 2017. Archaeological 
Remote Sensing in North America: Innovative 
Techniques for Anthropological Applications. 
University of Alabama Press.
Lambers, K, Eisenbeiss, H, Sauerbier, M, 
Kupferschmidt, D, Gaisecker, T, Sotoodeh, S and 
Hanusch, T. 2007. Combining photogrammetry 
and laser scanning for the recording and modelling 
of the Late Intermediate Period site of Pinchango 
Alto, Palpa, Peru. Journal of archaeological science, 
34(10): 1702–1712. DOI: https://doi.org/10.1016/j.
jas.2006.12.008
Lasaponara, R, Leucci, G, Masini, N and Persico, R. 
2014. Investigating archaeological looting using 
satellite images and GEORADAR: the experience 
Opitz and Herrmann: Recent Trends and Long-standing Problems in 
Archaeological Remote Sensing
19
in Lambayeque in North Peru. Journal of 
Archaeological Science, 42: 216–230. DOI: https://
doi.org/10.1016/j.jas.2013.10.032
Lasaponara, R and Masini, N. 2012. Satellite remote 
sensing: a new tool for archaeology. Springer 
Science & Business Media, 16. DOI: https://doi.
org/10.1007/978-90-481-8801-7
Lasaponara, R and Masini, N. 2013. Satellite synthetic 
aperture radar in archaeology and cultural 
landscape: An overview. Archaeological Prospection, 
20(2): 71–78. DOI: https://doi.org/10.1002/
arp.1452
Lasaponara, R and Masini, N. 2016. Living in the 
Golden Age of Digital Archaeology. International 
Conference on Computational Science and Its 
Applications, 597–610. Springer. DOI: https://doi.
org/10.1007/978-3-319-42108-7_47
Lasaponara, R, Masini, N, Pecci, A, Perciante, F, 
Escot, D P, Rizzo, E, Scavone, M and Sileo, M. 
2017. Qualitative evaluation of COSMO SkyMed in 
the detection of earthen archaeological remains: 
The case of Pachamacac Peru. Journal of Cultural 
heritage, 23: 55–62. DOI: https://doi.org/10.1016/j.
culher.2015.12.010
Leckebusch, J, Weibel, A and Bühler, F. 2008. Semi-
automatic feature extraction from GPR data. Near 
Surface Geophysics, 6(2): 75–84. DOI: https://doi.
org/10.3997/1873-0604.2007033
LeCun, Y, Bengio, Y and Hinton, G. 2015. Deep learning.
Nature, 521(7553). DOI: https://doi.org/10.1038/
nature14539
Leisz, S J. 2013. An overview of the application of remote 
sensing to archaeology during the twentieth 
century. In: Mapping archaeological landscapes 
from Space, 11–19. Springer. DOI: https://doi.
org/10.1007/978-1-4614-6074-9_2
Linck, R, Busche, T, Buckreuss, S, Fassbinder, J and 
Seren, S. 2013. Possibilities of Archaeological 
Prospection by High-resolution X-band Satellite 
Radar–a Case Study from Syria. Archaeological 
Prospection, 20(2): 97–108. DOI: https://doi.
org/10.1002/arp.1444
Loncan, L, de Almeida, L B, Bioucas-Dias, J M, 
Briottet, X, Chanussot, J, Dobigeon, N, Fabre, 
S, Liao, W, Licciardi, G A, Simoes, M and others. 
2015. Hyperspectral pansharpening: A review. 
IEEE Geoscience and remote sensing magazine, 
3(3): 27–46. DOI: https://doi.org/10.1109/MGRS. 
2015.2440094
Ludeno, G, Catapano, I, Gennarelli, G, Soldovieri, F, 
Vetrella, A, Renga, A and Fasano, G. 2017. A micro-
UAV-borne system for radar imaging: A feasibility 
study. Advanced Ground Penetrating Radar IWAGPR, 
2017 9th International Workshop, IEEE, 1–4. DOI: 
https://doi.org/10.1109/IWAGPR.2017.7996034
Maaten, L van der, Boon, P, Lange, G, Paijmans, 
H and Postma, E. 2006. Computer vision and 
machine learning for archaeology. Proceedings of 
Computer Applications and Quantitative Methods in 
Archaeology, 112–130.
Marwick, B and Birch, S E P. 2017. A Standard for the 
Scholarly Citation of Archaeological Data as 
an Incentive to Data Sharing. DOI: https://doi.
org/10.17605/OSF.IO/PY4HZ
Marwick, B, d’Alpoim Guedes, J, Barton, M, Bates, L 
A, Baxter, M, Bevan, A, Bollwerk, A, Bocinsky, 
R K, Brughmans, T, Carter, A K, Conrad, C, 
Contreras, D A, Costa, S, Crema, E R, Daggett, A, 
Davies, B, Drake, L, Dye, T S, France, P, Fullagar, 
R, Giusti, D, Graham, S, Harris, M D, Hawks, J, 
Heath, S, Huffer, D, Kansa, E C, Whitcher Kansa, 
S, Madsen, M E, Melcher, J, Negre, J, Neiman, F 
D, Opitz, R, Orton, D C, Przystupa, P, Raviele, 
M, Riel-Salvatore, J, Riris, P, Romanowska, I, 
Strupler, N, Ullah, I, Van Vlack, H G, Watrall, E 
C, Webster, C, Wells, J, Winters, J and Wren, C D. 
2017. Open science in archaeology. The Society for 
American Archaeology Archaeological Record, 1(4): 
8–14.
Masini, N, Marzo, C, Manzari, P, Belmonte, A, Sabia, C 
and Lasaponara, R. 2018. On the characterization 
of temporal and spatial patterns of archaeological 
crop-marks. Journal of Cultural Heritage. DOI: 
https://doi.org/10.1016/j.culher.2017.12.009
McCormick, M P. 2005. Airborne and spaceborne lidar. 
In: Lidar, 355–397. Springer. DOI: https://doi.
org/10.1007/0-387-25101-4_13
McDaniel, J W, Yeary, M B, Sigmarsson, H H, Wolf, 
J A, Garrison, S, Byers, K and Clewell, M. 2017. 
Integration and Miniaturization of a Ka-band 
Stepped Frequency Radar for Un-manned 
Aerial Vehicle Applications. International 
Symposium on Microelectronics, 000061–000066. 
International Microelectronics Assembly and 
Packaging Society. DOI: https://doi.org/10.4071/
isom-2017-TP26_156
McKeague, P, Corns, A and Shaw, R. 2012. Developing 
a Spatial Data Infrastructure for Archaeological and 
Built Heritage. IJSDIR, 7: 38–65.
McKeague, P and Jones, R H. 2013. Blitzing the 
Bunkers: Finding Aids–Past, Present and Future. 
In: Archaeology from Historical Aerial and Satellite 
Archives, 31–46. Springer. DOI: https://doi.
org/10.1007/978-1-4614-4505-0_3
McManamon, F P, Kintigh, K W, Ellison, L A and 
Brin, A. 2017. tDAR: A Cultural Heritage Archive 
for Twenty-First-Century Public Outreach, 
Research, and Resource Management. Advances in 
Archaeological Practice, 5(3): 238–249. DOI: https://
doi.org/10.1017/aap.2017.18
Menze, B H and Ur, J A. 2012. Mapping patterns of 
long-term settlement in Northern Mesopotamia at 
a large scale. Proceedings of the National Academy 
of Sciences, 109(14): E778–E787. DOI: https://doi.
org/10.1073/pnas.1115472109
Mercovich, R A. 2015. Evaluation techniques and metrics 
for assessment of pan+ MSI fusion pansharpening. 
Algorithms and Technologies for Multispectral, 
Hyperspectral, and Ultraspectral Imagery XXI, 9472. 
International Society for Optics and Photonics.
Opitz and Herrmann: Recent Trends and Long-standing Problems in 
Archaeological Remote Sensing
20  
Meylemans, E, Cordemans, K, Cousserier, K and 
Jansen, I. 2017. Its all in the pixels: High-resolution 
remote-sensing data and the mapping and analysis of 
the archaeological and historical landscape. Internet 
Archaeology, 43. DOI: https://doi.org/10.11141/
ia.43.2
Morgan, C and Wright, H. 2018. Pencils and Pixels: 
Drawing and Digital Media in Archaeological Field 
Recording. Journal of Field Archaeology, 1–16. 
DOI: https://doi.org/10.1080/00934690.2018.14
28488
Mozas-Calvache, A, Pérez-García, J, Cardenal-
Escarcena, F, Mata-Castro, E and Delgado-García, 
J. 2012. Method for photogrammetric surveying 
of archaeological sites with light aerial platforms. 
Journal of Archaeological Science, 39(2): 521–530. 
DOI: https://doi.org/10.1016/j.jas.2011.10.007
NCALM. 2018. About the center. Available at: http://ncalm.
cive.uh.edu/home/about-center [Last accessed 14 
April 2018].
NCAP. 2018. NCAP digital imaging facilities. Available at: 
http://ncap.org.uk/about-ncap/our-work/digital-
imaging-facilities\ [Last accessed 14 April 2018].
Nex, F and Remondino, F. 2014. UAV for 3D mapping 
applications: a review. Applied geomatics, 6(1): 1–15. 
DOI: https://doi.org/10.1007/s12518-013-0120-x
Ngan, K N. 1986. Experiments on two-dimensional 
decimation in time and orthogonal transform 
domains. Signal Processing, 11(3): 249–263. DOI: 
https://doi.org/10.1016/0165-1684(86)90004-6
Núñez-Nieto, X, Solla, M, Gómez-Pérez, P and 
Lorenzo, H. 2014. GPR signal characterization for 
automated landmine and UXO detection based 
on machine learning techniques. Remote sensing, 
6(10): 9729–9748. DOI: https://doi.org/10.3390/
rs6109729
Office for Coastal Management NOAA. 2018. United 
States Interagency Elevation Inventory. Available at: 
https://coast.noaa.gov/inventory/ [Last accessed 
14 April 2018].
Opitz, R S and Cowley, D C. (eds.) 2012. Interpreting 
archaeological topography: 3D data, visualisation 
and observation. Oxford: Oxbow.
Orlando, L and Soldovieri, F. 2008. Two different 
approaches for georadar data processing: a case 
study in archaeological prospecting. Journal of 
Applied Geophysics, 64(1–2): 1–13. DOI: https://doi.
org/10.1016/j.jappgeo.2007.10.002
Padwick, C, Deskevich, M, Pacifici, F and Smallwood, 
S. 2010. WorldView-2 pan-sharpening. Proceedings 
of the ASPRS 2010 Annual Conference, 2630. San 
Diego, CA, USA.
Parcak, S, Gathings, D, Childs, C, Mumford, G and 
Cline, E. 2016. Satellite evidence of archaeological 
site looting in Egypt: 2002–2013. Antiquity, 
90(349): 188–205. DOI: https://doi.org/10.15184/
aqy.2016.1
Park, S K and Schowengerdt, R A. 1983. Image 
reconstruction by parametric cubic convolution. 
Computer Vision, Graphics, and Image 
Processing, 23(3): 258–272. DOI: https://doi.
org/10.1016/0734-189X(83)90026-9
Pesántez-Cobos, P, Cánovas-García, F and 
Alonso-Sarría, F. 2017. Implementing and 
validating of pan-sharpening algorithms in 
open-source software. Image and Signal Processing 
for Remote Sensing XXIII, 10427. International 
Society for Optics and Photonics. DOI: https://doi.
org/10.1117/12.2277543
Piro, S, Mauriello, P and Cammarano, F. 2000. 
Quantitative integration of geophysical methods 
for archaeological prospection. Archaeological 
Prospection, 7(4): 203–213. DOI: https://doi.
org/10.1002/1099-0763(200012)7:4%3c203::AID-
ARP133%3e3.0.CO;2-T
Pollefeys, M, Van Gool, L, Vergauwen, M, Cornelis, 
K, Verbiest, F and Tops, J. 2003. 3D recording for 
archaeological fieldwork. IEEE Computer Graphics 
and applications, 23(3): 20–27. DOI: https://doi.
org/10.1109/MCG.2003.1198259
Pollefeys, M, Vergauwen, M, Cornelis, K, Verbiest, F, 
Schouteden, J, Tops, J and Van Gool, L. 2002. 3D 
acquisition of archaeological heritage from images. 
International Archives of Photogrammetry Remote 
Sensing and Spatial Information Sciences, 34(5/C7): 
381–388.
Primeau, K and Witt, D. 2017. Soundscapes in the 
past: Investigating sound at the landscape 
level. Journal of Archaeological Science: Reports, 
2352–409X. DOI: https://doi.org/10.1016/j.
jasrep.2017.05.044
Remondino, F, Barazzetti, L, Nex, F, Scaioni, M and 
Sarazzi, D. 2011. UAV photogrammetry for 
mapping and 3d modeling–current status and 
future perspectives. International Archives of the 
Photogrammetry, Remote Sensing and Spatial 
Information Sciences, 38(1): 25–31.
Richards, J D. 2017. Twenty Years Preserving Data: 
A View from the United Kingdom. Advances in 
Archaeological Practice, 5(3): 227–237. DOI: https://
doi.org/10.1017/aap.2017.11
Richards, J D and Winters, J. 2015. Digging into Data: 
Open Access and Open Data. European Journal of 
Post-Classical Archaeologies, 5: 285–298.
Risbøl, O, Bollandsås, O M, Nesbakken, A, Ørka, H O, 
Næsset, E and Gobakken, T. 2013. Interpreting 
cultural remains in airborne laser scanning 
generated digital terrain models: effects of size 
and shape on detection success rates. Journal of 
Archaeological Science, 40(12): 4688–4700. DOI: 
https://doi.org/10.1016/j.jas.2013.07.002
Risbøl, O, Briese, C, Doneus, M and Nesbakken, A. 
2015. Monitoring cultural heritage by comparing 
DEMs derived from historical aerial photographs 
and airborne laser scanning. Journal of Cultural 
Heritage, 16(2): 202–209. DOI: https://doi.
org/10.1016/j.culher.2014.04.002
Roosevelt, C H, Cobb, P, Moss, E, Olson, B R and Ünlüsoy, 
S. 2015. Excavation is destruction digitization: 
Advances in archaeological practice. Journal of Field 
Opitz and Herrmann: Recent Trends and Long-standing Problems in 
Archaeological Remote Sensing
21
Archaeology, 40(3): 325–346. DOI: https://doi.org/
10.1179/2042458215Y.0000000004
Rosenswig, R M, López-Torrijos, R and Antonelli, C E. 
2015. Lidar data and the Izapa polity: new results and 
methodological issues from tropical Mesoamerica. 
Archaeological and Anthropological Sciences, 
7(4): 487–504. DOI: https://doi.org/10.1007/
s12520-014-0210-7
Rucin´ski, D, Rączkowski, W and Niedzielko, J. 2015. 
A Polish perspective on optical satellite data and 
methods for archaeological sites prospection. Third 
International Conference on Remote Sensing and 
Geoinformation of the Environment RSCy2015, 9535. 
International Society for Optics and Photonics. DOI: 
https://doi.org/10.1117/12.2195497
Sadr, K. 2016. A Comparison of Accuracy and Precision 
in Remote Sensing Stone-walled Structures with 
Google Earth, High Resolution Aerial Photography 
and LiDAR; a Case Study from the South African Iron 
Age. Archaeological Prospection, 23(2): 95–104. DOI: 
https://doi.org/10.1002/arp.1532
Schindling, J and Gibbes, C. 2014. LiDAR as a tool for 
archaeological research: a case study. Archaeological 
and Anthropological Sciences, 6(4): 411–423. DOI: 
https://doi.org/10.1007/s12520-014-0178-3
Schmidhuber, J. 2015. Deep learning in neural networks: 
An overview. Neural networks, 61: 85–117. DOI: 
https://doi.org/10.1016/j.neunet.2014.09.003
Schmidt, A. 2004. Remote sensing and geophysical 
prospection. Internet Archaeology, 15(9). DOI: 
https://doi.org/10.11141/ia.15.9
Schmidt, A and Marshall, A. 1997. The impact of 
resolution on the interpretation of archaeological 
prospection data. Oxbow Monograph, 343–348.
Schmidt, A and Tsetskhladze, G. 2013. Raster was 
yesterday: using vector engines to process 
geophysical data. Archaeological Prospection, 20(1): 
59–65. DOI: https://doi.org/10.1002/arp.1443
Schmidt, A R, Linford, P, Linford, N, David, A, Gaffney, C 
F, Sarris, A and Fassbinder, J. 2015. EAC Guidelines 
for the use of Geophysics in Archaeology: Questions 
to Ask and Points to Consider. Namur, Belgium: 
Europae Archaeologia Consilium (EAC), Association 
Internationale sans But Lucratif (AISBL).
Sevara, C, Verhoeven, G, Doneus, M and Draganits, 
E. 2017. Surfaces from the Visual Past: Recovering 
High-Resolution Terrain Data from Historic Aerial 
Imagery for Multitemporal Landscape Analysis. 
Journal of Archaeological Method and Theory, 1–32. 
DOI: https://doi.org/10.1007/s10816-017-9348-9
Shell, C and Roughley, C. 2004. Exploring the Loughcrew 
landscape: a new airborne approach. Archaeology 
Ireland, 18(2): 22–25.
Showstack, R. 2014. Sentinel satellites initiate new era 
in earth observation. Eos, Transactions American 
Geophysical Union, 95(26): 239–240. DOI: https://
doi.org/10.1002/2014EO260003
Smith, N G, Passone, L, Al-Said, S, Al-Farhan, M and 
Levy, T E. 2014. Drones in archaeology: integrated 
data capture, processing, and dissemination in the 
al-Ula Valley, Saudi Arabia. Near Eastern Archaeology 
NEA, 77(3): 176–181. DOI: https://doi.org/10.5615/
neareastarch.77.3.0176
Sonnemann, T F, Malatesta, E H and Hofman, C L. 
2016. Applying UAS photogrammetry to analyze 
spatial patterns of indigenous settlement sites in the 
northern Dominican Republic. In: Digital Methods and 
Remote Sensing in Archaeology, 71–87. Springer. DOI: 
https://doi.org/10.1007/978-3-319-40658-9_4
Stein, G J. 2015. The war-ravaged cultural heritage of 
Afghanistan: an overview of projects of assessment, 
mitigation, and preservation. Near Eastern 
Archaeology, 78(3): 187–195. DOI: https://doi.
org/10.5615/neareastarch.78.3.0187
Stichelbaut, B, Note, N, Saey, T, Hanssens, D, Van den 
Berghe, H, Bourgeois, J, Van Meirvenne, M, Van 
Eetvelde, V and Gheyle, W. 2017. Non-invasive 
research of tunneling heritage in the Ypres Salient 
1914–1918–research of the Tor Top tunnel system. 
Journal of Cultural Heritage, 26: 109–117. DOI: 
https://doi.org/10.1016/j.culher.2017.02.001
Styrelsen for Dataforsyning og Effektivisering. 2018. 
DHM/Punktsky. Available at: https://download.
kortforsyningen.dk/content/dhmpunktsky [Last 
accessed 14 April 2018].
Suomalainen, J, Anders, N, Iqbal, S, Roerink, 
G, Franke, J, Wenting, P, Hünniger, D, 
Bartholomeus, H, Becker, R and Kooistra, L. 2014. 
A lightweight hyperspectral mapping system and 
photogrammetric processing chain for unmanned 
aerial vehicles. Remote Sensing, 6(11): 11013–11030. 
DOI: https://doi.org/10.3390/rs61111013
Szeliski, R. 2010. Computer vision: algorithms and 
applications. Springer Science & Business Media.
Temam, O. 2016. Enabling future progress in machine-
learning. VLSI Circuits VLSI-Circuits, 2016 
IEEE Symposium, IEEE, 1–3. DOI: https://doi.
org/10.1109/VLSIC.2016.7573457
Thomas, D C and Kidd, F J. 2017. On the Margins: Enduring 
Pre-Modern Water Management Strategies In and 
Around the Registan Desert, Afghanistan. Journal 
of Field Archaeology, 42(1): 29–42. DOI: https://doi.
org/10.1080/00934690.2016.1262188
Thompson, V D, Arnold, P J, Pluckhahn, T J and 
Vanderwarker, A M. 2011. Situating remote sensing 
in anthropological archaeology. Archaeological 
Prospection, 18(3): 195–213. DOI: https://doi.
org/10.1002/arp.400
Thompson, V D, DePratter, C B, Lulewicz, J, Lulewicz, I 
H, Roberts Thompson, A D, Cramb, J, Ritchison, 
B T and Colvin, M H. 2018. The Archaeology and 
Remote Sensing of Santa Elenas Four Millennia of 
Occupation. Remote Sensing, 10(2). DOI: https://doi.
org/10.3390/rs10020248
Tom, V, Carlotto, M and Way, O J. 1985. Spatial 
enhancement techniques for multichannel satellite 
imagery. Proc 1985 Intl Geoscience and Remote 
Sensing Symposium, 1084–1090.
Toumazet, J-P, Vautier, F, Roussel, E and Dousteyssier, 
B. 2017. Automatic detection of complex 
Opitz and Herrmann: Recent Trends and Long-standing Problems in 
Archaeological Remote Sensing
22  
archaeological grazing structures using airborne 
laser scanning data. Journal of Archaeological 
Science: Reports, 12: 569–579. DOI: https://doi.
org/10.1016/j.jasrep.2017.03.012
Traviglia, A. 2006. Archaeological usability of 
hyperspectral images: Successes and failures of 
image processing techniques. BAR International 
Series, 1568: 123–130.
Traviglia, A, Cowley, D and Lambers, K. 2016. Finding 
common ground: Human and computer vision 
in archaeological prospection. AARGnews-The 
newsletter of the Aerial Archaeology Research Group, 
53: 11–24.
Trier, Ø D, Larsen, S Ø and Solberg, R. 2009. Automatic 
detection of circular structures in high-resolution 
satellite images of agricultural land. Archaeological 
Prospection, 16(1): 1–15. DOI: https://doi.
org/10.1002/arp.339
Trier, Ø D and Pilø, L H. 2012. Automatic detection of 
pit structures in airborne laser scanning data. 
Archaeological Prospection, 19(2): 103–121. DOI: 
https://doi.org/10.1002/arp.1421
Trinks, I, Johansson, B, Gustafsson, J, Emilsson, 
J, Friborg, J, Gustafsson, C, Nissen, J and 
Hinterleitner, A. 2010. Efficient, large-scale 
archaeological prospection using a true three-
dimensional ground-penetrating Radar Array 
system. Archaeological Prospection, 17(3): 175–186. 
DOI: https://doi.org/10.1002/arp.381
Valavanis, K P and Vachtsevanos, G J. 2015. Future 
of unmanned aviation. In: Handbook of unmanned 
aerial vehicles, 2993–3009. Springer. DOI: https://
doi.org/10.1007/978-90-481-9707-1_95
Vanonckelen, S, Lhermitte, S and Van Rompaey, A. 
2013. The effect of atmospheric and topographic 
correction methods on land cover classification 
accuracy. International Journal of Applied Earth 
Observation and Geoinformation, 24: 9–21. DOI: 
https://doi.org/10.1016/j.jag.2013.02.003
Verdonck, L, Launaro, A, Millett, M, Vermeulen, F and 
Bellini, G. 2017. Semi-automated object detection 
in GPR data using morphological filtering. AP 2017: 
12th International Conference of Archaeological 
Prospection, 261–263. Archaeopress Publishing Ltd.
Verhoeven, G. 2011. Taking computer vision aloft–
archaeological three-dimensional reconstructions 
from aerial photographs with Photoscan. 
Archaeological prospection, 18(1): 67–73. DOI: 
https://doi.org/10.1002/arp.399
Verhoeven, G and Sevara, C. 2016. Trying to break new 
ground in aerial archaeology. Remote Sensing, 8(11). 
DOI: https://doi.org/10.3390/rs8110918
Verhoeven, G, Sevara, C, Karel, W, Ressl, C, Doneus, 
M and Briese, C. 2013. Undistorting the past: New 
techniques for orthorectification of archaeological 
aerial frame imagery. In: Good Practice in 
Archaeological Diagnostics, 31–67. DOI: https://doi.
org/10.1007/978-3-319-01784-6_3
Verhoeven, G J. 2009. Providing an archaeological 
birds-eye view–an overall picture of ground-based 
means to execute low-altitude aerial photography 
LAAP in Archaeology. Archaeological Prospection, 
16(4): 233–249. DOI: https://doi.org/10.1002/
arp.354
Verhoeven, G J. 2017. Are we there yet? A review and 
assessment of archaeological passive airborne 
optical imaging approaches in the light of landscape 
archaeology. Geosciences, 7(3). DOI: https://doi.
org/10.3390/geosciences7030086
Viberg, A, Trinks, I and Lidén, K. 2011. A review of the 
use of geophysical archaeological prospection in 
Sweden. Archaeological Prospection, 18(1): 43–56. 
DOI: https://doi.org/10.1002/arp.401
Vinci, G and Bernardini, F. 2017. Reconstructing the 
protohistoric landscape of Trieste Karst north-
eastern Italy through airborne LiDAR remote 
sensing. Journal of Archaeological Science: Reports, 
12: 591–600. DOI: https://doi.org/10.1016/j.
jasrep.2017.03.005
Vivone, G, Alparone, L, Chanussot, J, Dalla Mura, M, 
Garzelli, A, Licciardi, G A, Restaino, R and Wald, 
L. 2015. A critical comparison among pansharpening 
Algorithms. IEEE Transactions on Geoscience and 
Remote Sensing, 53(5): 2565–2586. DOI: https://
doi.org/10.1109/TGRS.2014.2361734
Watanabe, N, Nakamura, S, Liu, B and Wang, N. 2017. 
Utilization of Structure from Motion for processing 
CORONA satellite images: Application to mapping 
and interpretation of archaeological features in 
Liangzhu Culture, China. Archaeological Research 
in Asia, 11: 38–50. DOI: https://doi.org/10.1016/j.
ara.2017.06.001
Wernke, S A, Adams, J A and Hooten, E R. 2014. 
Capturing Complexity: Toward an Integrated Low-
Altitude Photogrammetry and Mobile Geographic 
Information System Archaeological Registry System. 
Advances in Archaeological Practice, 2(3): 147–163. 
DOI: https://doi.org/10.7183/2326-3768.2.3.147
Wernke, S A and Van Valkenburgh, P. 2016. LOGAR y 
GeoPACHA: avances en el desarrollo de herramientas 
digitales colaborativas para la investigación del 
mundo andino colonial, International symposium 
Las reducciones toledanas en perspectiva 
comparativa y multidisciplinaria, organized by 
Akira Saito, National Museum of Ethnography and 
Folklore, La Paz, Bolivia.
Westin, J. 2014. Inking a Past; Visualization as a Shedding 
of Uncertainty. Visual Anthropology Review, 30(2): 
139–150. DOI: https://doi.org/10.1111/var.12044
Xiao, J, Hays, J, Ehinger, K A, Oliva, A and Torralba, A. 
2010. Sun database: Large-scale scene recognition 
from abbey to zoo. Computer vision and pattern 
recognition CVPR, 2010 IEEE conference, IEEE, 3485–
3492. DOI: https://doi.org/10.1109/CVPR.2010. 
5539970
Yarlequé, M, Alvarez, S and Martínez, H. 2017. 
FMCW GPR radar mounted in a mini-UAV for 
archaeological applications: First analytical and 
measurement results. Electromagnetics in Advanced 
Applications ICEAA, 2017 International Conference, 
Opitz and Herrmann: Recent Trends and Long-standing Problems in 
Archaeological Remote Sensing
23
IEEE, 1646–1648. DOI: https://doi.org/10.1109/
ICEAA.2017.8065606
Yi, C, Zhao, Y-Q, Yang, J, Chan, J C-W and Kong, S G. 2017. 
Joint Hyperspectral Superresolution and Unmixing 
With Interactive Feedback. IEEE Transactions on 
Geoscience and Remote Sensing, 55(7): 3823–3834. 
DOI: https://doi.org/10.1109/TGRS.2017.2681721
Zhang, J. 2010. Multi-source remote sensing data fusion: 
status and trends. International Journal of Image 
and Data Fusion, 1(1): 5–24. DOI: https://doi.
org/10.1080/19479830903561035
Zhaolu, Z. 2012. The Comparison of Slope Angle 
Algorithms for Soil Erosion Based on Grid Digital 
Elevation Model. In: Advances in Technology and 
Management, 61–66. Springer. DOI: https://doi.
org/10.1007/978-3-642-29637-6_8
Zhou, B, Lapedriza, A, Khosla, A, Oliva, A and Torralba, 
A. 2017. Places: A 10 million image database for 
scene recognition. IEEE transactions on pattern 
analysis and machine intelligence. DOI: https://doi.
org/10.1109/TPAMI.2017.2723009
Zhu, X X and Bamler, R. 2013. A sparse image fusion 
algorithm with application to pan-sharpening. 
IEEE transactions on geoscience and remote sensing, 
51(5): 2827–2836. DOI: https://doi.org/10.1109/
TGRS.2012.2213604
How to cite this article: Opitz, R and Herrmann, J. (2018). Recent Trends and Long-standing Problems in Archaeological Remote 
Sensing. Journal of Computer Applications in Archaeology, X(X): 1–24, DOI: https://doi.org/10.5334/jcaa.11
Submitted: 14 December 2017         Accepted: 07 March 2018         Published: XX Month 20XX
Copyright: © 2018 The Author(s). This is an open-access article distributed under the terms of the Creative Commons 
Attribution 4.0 International License (CC-BY 4.0), which permits unrestricted use, distribution, and reproduction in any medium, 
provided the original author and source are credited. See http://creativecommons.org/licenses/by/4.0/.
 
        OPEN ACCESS Journal of Computer Applications in Archaeology, is a peer-reviewed open access journal 
published by Ubiquity Press.
Typesetting queries 
 
1. The following items have been included within the reference list, but are not cited within the 
text. For each un-cited reference, please advise where it should be cited in the text, or 
confirm that it can be removed from the reference list.  
a. Ref no. 60. " Council of Europe. 2000." 
b. Ref no. 108. " Klonus, S and Ehlers, M. 2007." 
c. Ref no. 209. " Zhaolu, Z. 2012." 
